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Tribus and Mcirvine (1971): “The flow of energy in human societies is
regulated by the tiny fraction of the energy that is used for the flow of
information.”
Brillouin (1962): But however tiny, the intricate relationship between en-
ergy and information, which make them interchangeable, govern the sec-
ond law of thermodynamics.
The current energy system is largely based on non-renewable sources forgenerating energy. By definition, these sources will eventually be depleted
or not be economically viable for extraction (Sweeney, 1993). The looming climate
crisis further amplifies the urgency with which alternatives, preferably renewable
ones, must be found. This situation has led to much research and commercial
activity to change the current energy-resource composition.
Currently, energy generation from renewable sources is the fastest growing power
source in relation to the present capacity worldwide (IEA, 2013). The share of
renewable energy is expected to be 25% of the gross energy available globally in
2018, which equals a 40% increase of generation from 2012. Most of this increase is
based on on-shore windpower and photovoltaics (IEA, 2013), which are dependent
upon weather conditions and the time of day. This means that the ability to
manage energy generation is gradually diminished. The energy system, which once

























Figure 1.1: German and U.S. energy usage by sector.
The renewed interest in demand-side management (DSM) will help to close the
gap between supply and demand. More research is needed to better understand the
benefits and challenges of integrating the demand in the system and what informa-
tion and types of communications technology (ICT) are necessary to activate this
potential source for energy regulation (Strbac, 2008; Palensky and Dietrich, 2011).
Energy usage in buildings is one potential focus for DSM activity since households
utilizes a substantial portion of the world’s generated energy. In Germany the
energy usage the building sector amounted to 42% in 2012 (AGEB, 2014), while in
the U.S. 40% was used in the same time period (EIA, 2014). Between residential
and commercial buildings, the former encompass the main part of this energy use,
which is depicted in Figure 1.1. Of the global final energy use, 23% was used in the
residential sector, while 27% of the total electricity was used in the same category
(IEA, 2014).
Another reason to regulate energy demand in the residential sector is that user
behavior has been shown to have a substantial impact on a household’s energy
usage, even in similar households in terms of size and inhabitant demographics. For
example, in a sample of 28 identical townhouses in New Jersey, variation in energy
usage was found to be as great as two to one (Socolow, 1978). Since these houses
are identical regarding floor plan, interior layout, builder, construction materials,
and climate, it is likely that most of the energy-use variance is due to the different
behavior of the people in the houses. Furthermore, in houses where there has
been a change of residents, it has been found that the energy use of the house
with the new residents cannot be predicted from the energy use of the same house
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with the previous residents (Sonderegger, 1978). Finally, even after houses had
been successfully retrofitted (with 20 - 25% savings), the variance in energy usage
among the houses remained almost the same as it was before the retrofits took
place and the order in which the households’ energy-use could be sorted hardly
changed (Socolow, 1978). In sum, these examples imply that choices of appliances
and individual operation behavior has a significant influence on a household’s total
energy usage.
Primary energy use in the residential sector has been quite stable since the 1990s
(AGEB, 2014). Residential energy users can conserve energy either by efficiency or
curtailment measures (Gardner and Stern, 2002). Temporary shifting energy use is
also becoming more important to follow intermittent renewable generation (Shaw
et al., 2009). However, strategies to conserve energy are not utilized or leveled
by other decisions. Technological innovation in energy efficiency is counteracted
by the introduction of new appliances and energy services due to rebound effects
and a growing economy (Nadel, 2012). This means that even though most major
appliances are becoming more efficient, users are operating them more often or
buying larger and additional appliances.
Energy-use information is a fundamental requirement to understand and analyze
this situation. Unfortunately, attempts to motivate household inhabitants to use
energy more actively to help balance the energy supply is inconclusive. Already
after the first energy crisis, following the oil embargo in 1973 (Ford, 1997), attempts
to influence and control individuals to use energy more conscientiously were tested
with mixed success (McDougall et al., 1981). In the 1980s, more research focused
on improving energy-use efficiency (Ford, 1997), and as institutions had formed
to buffer against future interruptions (International Energy Agency, 2012). The
individual’s potential impact on the energy system became less important. Later, in
the 1990s, the interest for energy feedback once more increased as the understanding
of the global climate impact of burning fossil fuels grew.
Residential users generally state that they are interested in having more and
better information about their energy usage (Chetty et al., 2008). However, the
topic of providing useful and engaging energy-use information to improve the en-
ergy knowledge-level and enable effective decisions still needs further research and
5
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applied testing. Conclusions of smart-meter experiments caution that an introduc-
tion of more information has proven to be complex and not automatically lead to
efficiency gains (Hargreaves et al., 2013; Darby, 2010a; Ehrhardt-Martinez et al.,
2010).
Results of energy-use feedback research also depend on the specific context of
that era. For example, Ehrhardt-Martinez et al. (2010) found that between the
studies on energy-use feedback in 1970 and 1990, the results from the more recent,
more slowly developing threat of climate change, show a consistently lower effect
on energy usage than the former. This means that conclusions of feedback that
might have been effective under certain circumstances, cannot be simply applied to
the current context.
Over the same time span, between the 1970s to the present day, the general
importance of information is becoming better understood. The recent fast develop-
ment of ICT is the second main reason to revisit DSM. The previous informational
void is replaced by energy interfaces capable of showing individual appliance’s con-
sumption (Grønhøj and Thøgersen, 2011), historical energy-use summaries (Wilhite
et al., 1999) and predictions of the impact of alternative behaviors (Staats et al.,
2004). Today the integration of renewable energy generation, storage solutions and
energy efficiency depend on ICT to scale and become cost effective (EAC, 2008;
Farhangi, 2010).
There are several research and commercial projects that continue to develop visu-
alizations and flexible control of energy usage.1 Investments in ICT for the energy
system and DSM measures specifically, were estimated at between 2 and 3 billion
Euro globally in 2009 and grew to 15 to 31 billion Euro in 2014 (Booth et al., 2010).
In Canada and the US alone, the investments were already reported to be over 6
billion Euro in 2013 (CEE, 2014). One of the major reasons behind this investment
is to decrease the lack of information by measuring and suppling energy informa-
tion in a timely and flexible manner (Hart, 2008). In Germany it is mandatory for
new buildings to install a digital energy meter that has the ability to supply near
real-time information about the current household load (cf. Energiewirtschaftsge-




setz §21d Messsysteme). Sweden and Italy, among other countries, have already
replaced all of their analog household electricity measurement devices. However,
even with these resources, informing, engaging and sustaining residential users’
interest with their energy-use information, it has proven to be a difficult and mul-
tifaceted issue. Two major public projects to gather and visualize energy-use data
from Microsoft and Google have been retired due to lack of interest (Microsoft,
2011; Google, 2011).
Energy-use feedback can be given in several forms, ranging from market-based en-
ergy prices to artistic renderings (Faruqui and Sergici, 2009; Rodgers and Bartram,
2011). This thesis will focus on energy-use data as an information carrier and the
impact of energy-use awareness for making effective energy usage decisions. This
will be done by analyzing the potential of the current information system and its
information content, which is currently being implemented at regional levels, and
to explore the challenges and possibilities of further developing this information to
improve the utility for users. The following section will derive research questions
from related literature to clarify the current need for academic research.
1.1 Research Outline
The core research activity in this study concerns the provision of energy-use infor-
mation, the analysis of the impact thereof on residential users and the further devel-
opment of the information systems. The main questions pertaining to information-
system research in the energy domain has been outlined by Watson et al. (2010)
and encompasses the sensor network, flow network and sensitized objects and their
stakeholders. This energy informatics’ domain emphasizes the importance of ef-
fective solutions by focusing on “doing the right things” (Braungart et al., 2007,
p.1342). Energy efficiency is important in order not to waste resources, however
researchers are called to “do more than reducing the tempo of ecological destruc-
tion” (Watson et al., 2010, p.28). It remains to be seen how ICT can stimulate and
support a more sustainable energy usage.
The first research question focuses the analysis on the new digital energy-monitors,
which are being installed throughout energy systems worldwide. Specifically, the
7
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real-time aspect of the energy-use feedback that can be reached through a web-
based system is evaluated, as this is the main feature provided to the residential
users. The inquiry reflects the potential change from supporting energy aware-
ness and its impact on energy usage. The question acknowledges the full range of
outcomes from the potential of no change or even an increase in energy usage to
an overall decrease in energy usage, which can come from becoming more efficient
(using less energy in relation to the service provided) and making effective energy
decisions (the ability to expend effort on actions with a high impact).
Research Question 1: Evaluation of smart-meter utilityWhat impact does
online access to real-time energy-use information have on energy-use decisions in
households?
In order to analyze the coming energy feedback system, a sensor network that
replicates the functionality of the current system is necessary. Additionally, how
the information is being used has to be taken into account to understand user
preferences and the need for technological development (Farhar and Fitzpatrick,
1989; Watson et al., 2010). Thus, in addition to information’s impact on energy
usage, the measurements and methodology also need to support an analysis of the
user interaction with the given information, in order to describe information.
Based on the given requirements a sensor-network system and an analysis of
residential users’ interactions with the provided energy-use information is needed.
By combining the information interaction aspect with the measured changes in the
energy use, this study extends the current literature by evaluating the effectiveness
of reported actions.
The second research question deepens the study of energy feedback in relation
to the residential user. By evaluating and developing new informational functions
based on the results from the first question, this extension focuses on increasing
the users’ utility from the provided information.
Research Question 2: User-centered energy feedback Based on users’ in-
teraction and experiences with real-time energy feedback, what informational detail
and content is required to align the energy feedback with their preferences?
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Augmenting the results from the initial research question with related literature
clarifies the existing potential in current information systems. Based on the analysis
of how users employed the information, it will also be more apparent how ICT
should be implemented to support efficient and effective energy-use decisions. By
integrating the evaluation of users’ interaction patterns and challenges, a system
that caters to their specific preferences can be developed (Wallenborn et al., 2011).
This type of user-centric design has been suggested as critical for “the migration
of electricity users to the demand response world” (Honebein et al., 2009, p.39),
and provides a helpful perspective through which to evaluate the second research
question.
Effective implementations of ICT mixes information on services and products
with their related context (Ehrhardt-Martinez et al., 2010). However, instead of
supporting the user, presenting too much information might instead overwhelm and
confuse them (Malhotra, 1982). Such “information overload” has been shown to
lead to less accurate and longer decision times, starting at levels of 10 different
informational cues (Iselin, 1988). Access to a wealth of information has also been
shown to decrease the overall satisfaction with the decisions made (Schwartz, 2004).
Individual users have traditionally had limited access to information about their
energy usage. However, as the access to and dissemination of information has
been simplified through the development of ICT (through the installation of smart
meters in residential buildings), the issue of information overload is becoming more
prominent throughout society (Bawden and Robinson, 2008).
To mitigate this challenge, the presented information should be constrained
(Schwartz, 2004). Obviously, removing alternatives is one way of limiting the pre-
sented choices. However, since individuals value their energy services differently at
different times compared to other users, removing an alternative would risk loosing
the access to a potential option. Alternatively, the information can be grouped
to provide a constrained sub-category of choices. This alternative retains all the
different options but can be sorted according to their energy impact. How the
information should be grouped to provide enough detail to support satisfactory




Research Question 3: User experience and information load What level
of information granularity and how many distinct cues lead novices to make high-
impact decisions in few attempts and a short period of time?
This question is specifically focused on how the presentation of information im-
pacts the decision outcome. Information load can be evaluated based on its ability
to lead to efficient (few decisions in a short time) and effective (high impact) deci-
sions. By developing an interface experiment that explores the impact of grouping
information on decision efficiency and effectiveness, recommendations for the pre-
sentation design can be given.
The following section contextualizes these main research questions into the study
as a whole.
1.2 Structure
An outline of this study is presented in Figure 1.2. There are four major parts
dividing the themes of the underlying chapters.
Part I encompasses the underlying theoretical and practical structure of this
study. The first segment begins with Chapter 1 which motivates the topic of study,
introduces the main research questions and explains the development of the work.
Chapter 2 frames energy-use information research by explaining its characteristics.
Specifically, the four influential features of information detail, feedback types, dis-
play methods and user attributes which cover the theoretical boundaries of this
study, are explained consecutively. In Chapter 3, the opportunities, challenges and
main research methods pertaining to the engineering and provision of energy-use
information on a residential level is introduced.
Part II then develops and evaluates energy-use information on the currently con-
sidered household level. This part begins with Chapter 4 and the development of
an experimental system for an aggregated household level that is easy to deploy
and provides the necessary data to evaluate specifics about the user interaction.
Chapter 5 implements this sensor system in the field. The resulting data on energy
usage and users’ interaction with the information is combined with interviews to
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reach conclusions on the specific patterns and missing functionality of an energy-use
information system for residential users.
Part III then extends the information system to an individual user-level, based
on the results from Part II. Chapter 6 explores two potential systems for appliance-
and operational-level measurements which are required for a user-level system. The
ability to scale the system for wide adoption is weighed against the level of infor-
mation detail necessary. Appropriate methods for disaggregating appliances and
operating modes are evaluated.
Chapter 7 then takes a design-science approach to define and develop a user-
centered energy-use information system following international standards on user-
centered design. The information system is conceptualized based on user require-
ments, and the design and the necessary supplementary information is generated
and exemplified.
Chapter 8 considers how information diversity impacts users’ ability to make
informed and effective decisions efficiently or with little effort. This analysis is fun-
damental to a user-centered system that not only provides the expected information
(established in Chapter 7), but also presents it in a way that facilitates effective
decision making.
This thesis concludes with Part IV which highlights the study’s contributions
and opens questions for future research.
1.3 Research Development
Much of the work presented here has already been peer-reviewed and accepted for
publication at international conferences. This section accounts for these publica-
tions and their relation to the given structure explained in the previous section. For
clarity, each chapter also contains references to the specific related publications.
The sensor system exploration, development and evaluation was presented and
published at the International Smart-Grid Technology (ISGT) conference in 2012
(Dalen and Weinhardt, 2012). The data processing and interface development,
which used the measurements from the sensor hardware was then published at the
2012 International Conference on Advanced Collaborative Networks, Systems and
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Applications (COLLA) (Dalén et al., 2012). The energy use monitoring system
provides a portable sensor network platform that enables full access to the energy
use and interface interaction parameters. Together, these two publications make
up the fundamental system for the evaluation of current smart-meter technology
and user interaction which is presented in Chapter 4.
The initial experimental framework was also included in the published COLLA
article (Dalén et al., 2012). The final setup and experimental results were extended
with a qualitative interview and published at the Erasmus Energy Forum 2014
(Dalén, 2014). Chapter 5 combines the experiment development in the former
article with the evaluation and results from the final experiment detailed in the
latter one.
The exploration of the extended sensor system is elaborated in two parts. First, a
centralized sensor- and data-processing system to provide appliance-level informa-
tion was evaluated and published at the biennial International Energy Conference
(EnergyCon) 2014 (Dalén and Weinhardt, 2014). Second, the appliance level data
was then further processed and disaggregated into the specific operational modes
of specific appliances. This latter study is part of a larger, user-centered, design
effort, which is currently under review at the Business and Information Systems
Engineering (BISE) journal (Dalén and Krämer, 2014b). The research in these two
studies use similar methods in their analysis and are combined in Chapter 6 to form
the fundamental measurement infrastructure for Part III of this study.
The requirements and information system development is also included in the
submitted article to the BISE journal (Dalén and Krämer, 2014b), and is fully
elaborated on in Chapter 7.
Finally, the evaluation of the impact of informational load on residential users’
ability to make decisions was conceptualized and published at the European Con-
ference on Information Systems (ECIS) in 2013 (Dalén et al., 2013). The work in
this article is further extended and evaluated in Chapter 8.
It should also be noted that a part of this work, specifically the experimental
measurement and information system presented in Part II, has also been presented




In summary, the research presented in this study covers a first design iteration of
energy feedback for residential users. By analyzing how the current system is used,
a user-centered development plan is detailed. This plan is then implemented and
analyzed both in terms of its potential for providing utility to the user’s decision-
making process and in terms of how the information could be grouped so as not
to overload and deter the user. This research contributes with a framework and
new insights into the study of energy-use information for residential users, which
exemplifies the challenges and potential of integrating information technology in
this part of the energy system.
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Energy-use metering in households is traditionally provided by the utility to settle
the energy bill. Until recently the metering has been done by a mechanical system
based on the magnetic flux from alternating current (AC) power. The meter was
then read manually at a certain interval, for example once every year, and the
flat monthly fee for the predicted energy usage was regulated based on the reading.
Currently digital counterparts to the analog version are being considered, developed
and distributed (ESMA, 2010). These new energy meters have been called “smart
meters” or defined as part of an advanced meter infrastructure (AMI) (Darby,
2010a). While the name smart meter probably gives too much credit to a sensor
that is providing energy-use data (Hauttekeete et al., 2010), the term will be used
in this study to signify bidirectional information flow.
The main promise of the smart meter is to enable remote and frequent readings
(Ellery E. Queen, 2011). This allows for direct billing and eliminates the need for
manually reading and reporting meter values. For the utility the frequent readings
also means that the energy can be charged for in a more dynamic way depending
on time, critical events and available current generation capacity.
The cost of energy has traditionally been the main information carrier for energy-
use information. However, with the developing information and communications
technology a rich communications channel is opening up around energy, which pre-
viously has solely been a means to an end (Ayres and Warr, 2009). This particular
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data stream, from the meter to the user, is the primary focus throughout this study.
Such energy-use information can be used to make users aware of their house-
holds’ energy need. This awareness is fundamental for making more knowledgable
energy-use choices and, in turn, more sustainable actions (Mattle et al., 2011).
Unfortunately, in practice unfamiliarity with the provided technical information,
information overload, and a lack of means to interpret current energy use, make it
difficult for the end user to develop a concrete plan of action. For example, a con-
sumer survey issued by the German Federal Ministry of the Environment regarding
environmental awareness in Germany revealed that 20 to 30% of the representative
sample (n=2034) felt that a lack of transparency and facilitating support prevented
even larger changes to the energy usage (e.g. by making more sustainable energy-
use choices) (Kuckart et al., 2006). Socio-economic factors, such as age, gender,
education level and income, showed no impact on the survey results, and all par-
ticipants agreed that energy conservation should be actively pursued in everyday
life.
The use of smart meter technology greatly facilitates the collection and exchange
of information about private households’ energy usage. As energy information
become more pervasive and available over the internet, more sophisticated infor-
mational campaigns are possible. Several different information system designs are
being evaluated for making traditional energy meter information available and more
understandable (Darby, 2010c). For example, modern portable devices with inter-
net access are improving the access to energy information (Weiss et al., 2010).
However, even though there is demand and new alternatives for providing energy-
use information, recent field experiments supplying access to this type of informa-
tion through web-based or dedicated displays have not been able to shown evidence
of an altered energy usage (Thuvander et al., 2012; Hargreaves et al., 2013). Un-
familiarity with appliances and a lack of continuous support from manufacturers
and installers often lead to wasteful operation (Darby, 2008). A recent review of
advanced meter interfaces and energy information, therefore, concluded that the
feedback has to be further developed to provide more “appropriate forms of in-
terface feedback, narrative and support” in order to “reach diverse populations”
(Darby, 2010c, p. 455). Consequently, it is evident that the design of new forms
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Household Appliance User 
Figure 2.1: Overview of possible levels of energy-use information detail
of feedback to improve the efficiency and effectiveness of energy-use decisions is
necessary to unlock the true potential of smart metering (Simmhan et al., 2011).
Energy-use information can take many forms depending on the context and its
intended purpose. This chapter will present the characteristics of residential energy-
use information. The focus will be on providing an understanding of the available
parameters that exists for developing and changing this information to suit end-
users’ needs.
2.1 Level of Information Detail
Information on energy usage can be measured and given on different levels. Fig-
ure 2.1 shows the three levels, which will be in focus in this research study; house-
hold, appliance and user operation. Household level is the aggregated energy use
from all the appliances and services connected with the residential energy supply.
The appliance level provides energy use information of each appliance, irrespective
of how the appliance is used, while the user level signifies energy use information
of each operating mode of a specific appliance or service.
2.1.1 Household Level
Measuring energy use at the point where the mains supply the households’ need for
energy is convenient as it coincides with the utility’s regulation of the energy usage
of a specific household. Household-level information is also the most prominent
choice for commercial and open-source projects that focus on supplying dwellers
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with energy-use information. This is also the level at which the new smart meter
will be installed and replace the role of the analog meter.
A benefit from using household-level data is that it encompasses the two com-
mon energy-use behavior effects of rebound and spill-over. These effects are often
missed when the data gathering of the study is too narrow to account for a gen-
eral change (Abrahamse et al., 2005). The rebound effect describes a reaction that
happens when an improvement in energy efficiency (or decrease in energy use) in
one instance leads to an increase in energy use of another service. Thus, if only
the heating system is measured and a lowered use of the main heating system
leads to additional use of individual electrical heating comforters this rebound ef-
fect would go unnoticed (Nadel, 2012). Spill over effects has the opposite impact
to the rebound effects. They are characterized as when an increase in efficiency in
one particular service results in measures that also improve the efficiency of other
energy services (Thø gersen and Ölander, 2003).
Because of the emerging prevalence of household smart-meters it is also appro-
priate to evaluate the impact of this level of information. The system used for
providing household-level energy-use information will be presented in Chapter 4.
2.1.2 Appliance Level
The downside of household-level information is that it is disconnected from how
users interact with their appliances. This separation makes it difficult to translate
the household-level energy-use information into concrete actions. With more de-
tailed information on specific appliances, users have been shown to change their
behavior and lower overall standby power use and operate appliances more strin-
gently (Ueno et al., 2006).
By combining smart-meter technology with (distributed) energy sensors, energy
users receive disaggregated feedback on the energy consumption of every single
appliance in their household (Froehlich et al., 2011). In principle, this information
can be utilized to make users aware of their electricity consumption behavior and
to induce more efficient energy consumption choices (Mattle et al., 2011).
Appliance-level feedback has been found to lead to an, on average, 9% decrease
in energy use over one 3 month experiment (Ueno et al., 2006). A Danish study,
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similarly, concluded that their real-time, appliance-level, feedback successfully man-
aged to motivate a change in energy use (Grønhøj and Thøgersen, 2011). This was
confirmed both in their qualitative interviews and by comparing the experiment
period to previous years. On average a 8.1% decrease in energy consumption was
reported. How much influence the added detail of individual appliance’s energy use
had on the final result can unfortunately not be extracted from the results as no
treatment was present in either study for the absence of this form of feedback.
The main critique against appliance level feedback is the cost and effort it takes
to provide it (Darby, 2006). Active research of appliance recognition from one
single location within apartments, which saves the amount of hardware sensors
needed, might change this assumption. Here, aggregated appliance load profiles are
measured, analyzed and traced back to the most probable source. By using modern
statistical and data mining algorithms researchers have been able to accurately
determine around 85% of the appliances (Pihala, 1998; Ruzzelli et al., 2010). This
method minimizes hardware and installation costs by using one central spot for
measuring and will be presented in more detail in Chapter 3 and evaluated in
depth in Chapter 6.
2.1.3 User Level
The appliance-level measurements divide the household energy usage into its indi-
vidual appliances. However, most appliances are an aggregation of several settings
and operating choices for the user to make. Providing energy-use information on
the level where users decide on specific settings and operating modes signifies the
user information detail level. Previous researchers have found conclusive evidence
that “an effective intervention must be customized to the population and situation
being targeted”, since generalized information has failed to evoke interest and make
sense to energy users (McMakin et al., 2002, p.860). In a review of energy informa-
tion experiments Fischer (2008) also concludes that solutions have to be flexible to
cater to different target groups.
In order to move the research on energy information feedback forward, “... the
experimental design must focus on individual households and appliance-specific and
time-of-day usage” (Neenan, 2009, p.5). Generally, energy-use choices can be made
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at two different levels. First, a user could replace the appliance under consideration
with a newer, more energy efficient one. As primarily older large electrical appli-
ances are found in households, savings potential could exist in exchanging these for
more efficient appliances. Household appliances continually improve their energy
efficiency due to ongoing development, legal requirements and mandatory labeling
(Taylor, 2007). Second, individuals can utilize user-level information to evaluate
and change their energy usage with respect to specific devices. For example, instead
of washing clothes at 60 ◦C, a consumer could utilize a 40 ◦C washing cycle. In this
case, the behavioral change would have little impact on the wash result (Wagner,
2010), but would have a considerable impact on the energy usage over time.
Since disaggregating appliances from household measurements is similar to dis-
aggregating operating modes from appliance measurements, the method used to
gather the data will also be described in Chapter 6, in conjunction with the appli-
ance disaggregation. An information system that integrates feedback on an appli-
ance and user level will then be explored in Chapter 7.
2.2 Types of Feedback
Irrespective of the level of energy-use information detail (Section 2.1), there are a
number of ways to process it. Depending on the feedback type given energy savings
are referenced in the range between 4 and 15 percent (Neenan, 2009; Ehrhardt-
Martinez et al., 2010; Darby, 2006). One main reason for this spread is the im-
mediacy of the supplied information, shown in Figure 2.2, where frequencies at or
above daily provide, on average, the highest savings. It should be noted that these
experimental result’s variance is large and the statistical strength is often weak,
due to a low number of participants and few measurement points (Neenan, 2009;
Ehrhardt-Martinez et al., 2010). Previous experiments of energy use feedback are
reviewed in more depth in Chapter 5. The result from this review emphasizes this
conclusion by showing that the impact of feedback has a large spread even when
the studies have evaluated the same feedback types.
The fundamental feedback types that are related to research is indirect and di-
rect feedback. The indirect feedback is given by stored information to provide an
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Figure 2.2: Feedback types and definitions, ordered by their comparable availability
and cost to implement (Ehrhardt-Martinez et al., 2010)
overview over passed events. Direct feedback, in contrast, signifies the information
that is directly linked to the energy use in real-time. While other feedback types
have been evaluated, for example, how the information can be gamified (Brewer
et al., 2011), presented in a goal oriented way (McCalley and Midden, 2002) or in a
social context (Yim, 2011), they are all additional design considerations on top of
the feedback types explored in this study. Feedback design options can help con-
textualize the information by changing the informational units from energy [kWh]
to price (Ueno et al., 2006), by providing a normative comparison (Petersen et al.,
2007), or a motivating goal (Van Houwelingen and Van Raaij, 1989). However,
the complex interaction between feedback formats warrants separate discourses
(Abrahamse et al., 2005), and this study will explore indirect and direct energy-use
information.
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2.2.1 Indirect
Storing energy-use data provides an essential part in the possibility to compare and
learn from past energy usage levels and patterns, for example, a joint Norwegian
and Finnish experiment extended the billing information to include graphical com-
parisons of energy consumption between the past and current year. The reception
of this feedback was positive and led to an average saving in energy of 5-10% that
lasted over the three year experiment period (Wilhite et al., 1999). Similar accounts
can also be found from the late 70s and early 80s (Hayes and Cone, 1977, 1981).
In these cases, energy usage is compared to previous weeks and months, and was
found to have a significant positive effect on energy conservation.
Indirect forms of feedback tend to be better suited to help households understand
the effects of changes in space heating, household energy use composition, and the
effect of investments in new appliances and building shell upgrades (Darby, 2006).
However, learning from past experiences has not only been shown to lead to lower
energy use, but it has also been found to sediment a sense of limited influence, as
the users find it increasingly challenging to find new ways to make their energy use
more efficient (Froehlich, 2009; Hargreaves et al., 2010).
2.2.2 Direct
Continuously updated information on energy usage signifies direct feedback. This
type of feedback is also sometimes called live or real-time feedback. In this study an
information frequency below 15 minutes is chosen to correspond to direct feedback,
as this is common in practice (ESMA, 2010; Seal and McGranaghan, 2010).
Direct forms of feedback (real-time and real-time plus in Figure 2.2) tend to
be well suited for understanding energy savings associated with current uses on
their own and in comparison to previous patterns of energy usage, which might be
difficult to analyze indirectly (Darby, 2008). Direct feedback has been found to
motivate a reduction in energy use (Grønhøj and Thøgersen, 2011), however, this
effect is most often short lived and usually manifests itself in the beginning when
users first gain access to their energy feedback (Hargreaves et al., 2013).




Figure 2.3: Examples of common types of energy-use display methods.
results, between non-significant (Allen and Janda, 2006; Thuvander et al., 2012)
and 23% (Petersen et al., 2007). Due to the specific experimental designs and
mixes of the feedback types given, it is difficult to pin-point which informational
factor(s) is causing the effect (Fischer, 2008). This particular challenge will be
further elaborated on in Chapter 3.
2.3 Display Methods
After processing the energy use data into indirect feedback, direct feedback or both
it is transmitted to the household user. Generally display technologies can be
broadly divided into dedicated and multipurpose interfaces. A dedicated interface
is designed for a specific task and is not intended to be repurposed for other uses.
The multipurpose interface is, however, designed to handle informational material
from different sources. Figure 2.3 shows the “Blueline”, “Eliq” and “The Energy
Detective” as examples of common dedicated displays and the TV/PC display
and the mobile phone are examples of multipurpose displays (Pierce et al., 2010;
Thuvander et al., 2012; Parker et al., 2006; Raw and Ross, 2011; Houde et al.,
2011).
This section will give some background of the available systems in both of these
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categories and point out some of their key strengths and weaknesses, which are
fundamental for understanding the decisions made in this study.
2.3.1 Dedicated
In the energy-use feedback domain a dedicated display predominantly shows infor-
mation that has to do with converting energy in some form. Additional services as
telling the time or the weather is common, however, this information is secondary to
the energy-use feedback. Most direct feedback experiments use dedicated displays
that show current energy usage (Ehrhardt-Martinez et al., 2010).
Dedicated displays can either deliver the information based on text and symbols
or provide it in an ambient way. Text, numbers and graphs have the ability to
supply a specific and detailed message. Providing all available information is not
always appropriate to residential households (Darby, 2008). Too much information
detail can overload the individual. How to balance information load to support
users to make accurate, timely and considerate decisions is a considerable challenge
for designing interfaces. Chapter 8, therefore, examines this in more detail and
evaluates how grouping information can assist the decision making process.
In contrast to displaying information textually or graphically, an ambient format
has the benefit that users can be made aware of the feedback without having to focus
their attention on an interface (Weiser and Brown, 1996). Ambient information is
based on effects that can be processed and understood passively, as for example
light, movement or sound. This design format has its roots in the calm technology
field (Weiser and Brown, 1996).
Most use cases for ambient feedback are goal oriented, where users are guided
by specific pre-determined targets. In a goal-oriented setting, the effect of ambient
light information compared to factual numbers has indeed shown a stronger positive
impact on users’ behavior (Ham and Midden, 2010). In these circumstances it
has been shown to support users in making more efficient decisions (Maan et al.,
2010). However, although an ambient feedback form of energy-use information can
be useful for comparing specific states, energy-use decisions also entail evaluating
current appliances and behaviors on a more detailed level. In this case, where more
options have to be parsed before taking an action, ambient feedback has only had
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a small impact (Faruqui and Sergici, 2009).
It should be noted that when users have grown accustomed to a common textual-
based display, the given information has also begun to function in a similar way
to ambient feedback devices. Even though the detailed textual information might
become “backgrounded”, the interface has been found to keep the awareness of the
user passively (Hargreaves et al., 2013).
2.3.2 Multipurpose
Dedicated displays allow for direct access to a specific type of information but can
be vulnerable to habituation due to their reliance on only one channel and one
message (Hargreaves et al., 2013). The necessity for a specific display to access
feedback can also narrow the targeted group significantly. Web-based, or other
forms of information that can be received on a existing display platform, can be
appropriate and an inexpensive way to reach a wide population who regularly use
their computers to gather information. A pilot study of providing appliance in-
formation on a mobile phone was found to be useful by the focus group (Weiss,
2010). However, for populations where internet use is more sporadic, this form of
feedback could involve a large change to the consumer’s habits to be accessible.
For these users, already known interfaces, as for example the TV set, have been
suggested (Harrison, 2003). This issue is likely to diminish as more people become
experienced with and have access to internet-based devices.
An example where direct feedback was delivered over a web interface is the study
of Google employees’ reaction to the Google PowerMeter interface (Houde et al.,
2011). This study found that a web-based interface motivates energy conservation
similar to dedicated displays. The overall conservation was calculated to be 5.7%
among the participants. The persistence of these effects are, however, only signifi-
cant during the first four weeks of the six months where feedback was given (Houde
et al., 2011).
The potential scalability of using multipurpose displays make this format suitable
for a wide household implementations. Chapter 4 will provide more details around
the development of the web-based platform for the experimental study in this thesis.
Chapter 5 will evaluate the usage and interview experiment participants about their
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interface preferences.
2.4 Energy User Characteristics
Recent advancements in information technology have made it possible to give in-
dividuals access to a similar information as was previously limited to experts and
managers. This section will present the fundamental concept of the novice user,
which this study defines as a residential users who previously have had little or
no access to information about their energy-use related actions, and explain the
implications of targeting this user segment.
2.4.1 Levels of Experience
It is well established that “information must be presented to consumers in formats
that facilitate processing” (Bettman and Kakkar, 1977). However, in spite of great
design efforts, novice end-users’ interaction with informational displays has been
shown to lead to sedimentation of existing habits instead of motivating a behavior
change (Hargreaves et al., 2013). A more detailed understanding of how end-users
particular circumstances affect the decision outcome is fundamental for advancing
the current state of research (Shove, 2004). Fogg (2003) clarifies this statement by
pointing out the different preferences users have for interaction when fueling their
car, where they usually prefer a clear and minimally complex interface, compared
to an entertainment situation like gaming or watching TV.
The context of the recipient of the energy-use information has shown to affect how
it will be received (Abrahamse and Steg, 2009). Information systems geared towards
experts can, for example, make presumptions about a certain domain knowledge or
that they will train to understand the presented concepts (Green and Hughes, 1986).
Furthermore, the incentives for experts and novices are different. The experts can
be paid to learn and use information systems, where the consumer’s interest and
activity is predominantly self directed.
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2.4.2 Information Processing Capacity
Beyond the differences in incentive structure between experts and novices, informa-
tion design also has to take into consideration users constrained ability to process
information. As a consequence of being exposed to new energy-use information,
end users are expected to make more informed decisions. However, the challenge
is increasingly becoming a question of the ability to “drink from the fire hose”
(Waldrop, 1990), and find the right information to make efficient decisions. Even
though information is accessible, an individual’s rationality is bound by the limits
of their information processing capacity (Simon, 1972). Furthermore, separating an
individual’s energy-use patterns from their everyday life to promote more rational
decisions has proven to be very complicated (Röpke, 1999).
Feedback is necessary for understanding energy usage and for choosing an effec-
tive action to reduce it, but it is not always sufficient (Darby, 2008). The awareness
and knowledgeable decision making do not necessarily increase with the amount and
detail of information provided to the decision maker. An example from the energy
field comes from Allen and Janda (2006) who found that adding features to an
in-home display created confusion and could hinder the overall understanding.
These findings are well-known in the context of the cognitive load theory, which
posits that human decision makers can easily be overloaded with information, yield-
ing worse decisions (Jacoby, 1977). Information system research plays a central role
in bridging this gap between the technological ability to increase information on the
one hand, and balance the level of information detail for efficient decision making
on the other hand (Watson et al., 2010). Although access to decision support tools
was found to lower effort in processing a specific amount of information, it could
not be shown that it provided the capability to process more information (Todd
and Benbasat, 1992).
Previous research has found an inverse U-shaped relationship between task per-
formance and information detail. Performance first improves with more information
until a certain level when it starts to drop off as more information is introduced
(Hwang and Lin, 1999). In particular minimizing the complexity, for example by
combining and summarizing information, is recommended to make the decision
process clearer for novice users (Hwang and Lin, 1999).
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Chapter 8 will explore the possibility to categories information to facilitate deci-
sions. A web-based interface is designed in different treatments to understand the





Based on the characteristics of energy-use information, the analysis and develop-
ment follow specific methods and have a number of constraints and challenges in
common. This chapter will introduce the main engineering considerations, that are
necessary to implement and evaluate energy-use feedback solutions in an iterative
fashion.
3.1 Data Collection Methods
Reporting values with at least a 15-minute resolution, which the new Advanced
Meter Infrastructure (AMI) proposes, is a great improvement from the yearly billing
cycle that has been predominant for households in the energy domain. However,
since standardization frameworks take consideration and time to be developed and
adopted there are still disparity in functionality between different governments and
utility offerings (European Commission, 2011). It is important to recognize that the
traditional focus of metering only for billing might limit the design scope and stand
in the way of future energy information analysis and feedback services. Commercial
alternatives to gather energy-use feedback for end users also differ in their capacity.
Everything from single appliance measurement devices like the “Kill-a-watt”1 to
sophisticated home sensor and automation systems are available.
1http://www.p3international.com/products/p4400.html
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This section will present the current methods of collecting energy use informa-
tion. Centralized household-level measurements and the main aspects of provision-
ing appliance- and user-level information through disaggregation and decentralized
measurements related to this study will be explained.
3.1.1 Centralized Sensing
Sensing electrical current and voltage, in order to calculate power, can be done in a
number of ways. A brief explanation and comparison of technologies ranging from
looped current transformers and hall sensors to magnetoresistive material (that
change properties depending on the surrounding electric field strength) is compiled
by Asada et al. (2003).
Although contact-less magnetoresistive current sensors like the one employed by
Patel et al. (2010) have obvious benefits by allowing less interaction with high
current carrying power lines and might increase in popularity, the most prevalent
method today to measure alternating current is with a split-core current transformer
due to their simple and robust construction. The current-transformer sensor is used
in commercial offers like The Energy Detective2 and Current Cost3 and open source
projects like the Open Energy Monitor4 and Flukso5.
An alternative to gathering energy-use data from the magnetic field would be to
attach a sub-meter to the already existing analog or digital household meter. An
optical sensor could, for example, track a visible mark or notification light on the
existing meter, which is also pursued commercially6. The sub-meter measurements
are very accurate and perfectly fit the billed energy usage. However, this approach
is limited to the information calculated and provided by the meter designers. No
raw data on the electrical current and voltage is available. Subsequently, other
dimensions of power (i.e. its reactive or harmonic components) are not available.
Furthermore, in times of low energy use, time lags between measurements and the







3.1 Data Collection Methods
3.1.2 Disaggregation
Centralized sensing by default measures the aggregated household’s energy usage.
In order to extract energy-use information on individual appliances this aggregated
signal can be disaggegated with a number of methods, which will be introduced in
this section.
Methods for disaggregating total load and energy usage information on specific
appliances is increasing in popularity and has also been the focus of full doctoral
dissertations, for example Pihala (1998) and Parson (2014). Belkin’s recent pro-
gramming competition, where any interested programmer could submit strategies
to distinguish individual appliances from a household-level meter reading and win
$25,000 show that the interest in disaggregating household energy-use informa-
tion goes beyond a purely academic one. These systems parse the household-level
energy-use data and use algorithms to recognize individual appliances.
George Hart et al. designed the first system for disaggregating appliances with
minimal hardware in the mid 80s. By attaching a monitor to the existing mechanical
meter they managed to describe appliance signatures in the two dimensions of real
and reactive power. By using these two power entities, steady-state appliances with
stable levels of power load could be found. As this method only needed one location
for measurement and used software for recognizing specific appliances it could be
implemented with a minimal set of resources (Hart, 1992).
Hart (1992) focused ON/OFF switches of appliances was to track their state
change. This worked well for steady state appliances with a couple of possible
states, like toasters and razors. However, for multiple or variable state devices more
advanced methods of measurement, clustering and filtering are necessary (Laugh-
man et al., 2003).
Machine-learning methods like artificial neural networks (ANN) and Bayesian
filters have also been used to successfully distinguish a limited number of appliances.
In this case features of appliances are learned by machines in a supervised manner
with the Bayesian method or potentially unsupervised with ANN. The power levels
are then compared to probabilities of certain appliance combinations. The single
or combination of appliances most closely related to the training data will then
be offered as feedback. The limitation of this approach is, however, that as more
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appliances and their different states are added to the probability calculations the
computational load gets overwhelming. Fifteen different appliances are reported as
the feasible limit with ANN (Ruzzelli et al., 2010), and - while not clearly stated
- the Bayesian filter trial was limited to seventeen different combinations of nine
appliances (Lin et al., 2009).
Another development in disaggregation techniques uses a high bandwidth cur-
rent and voltage sensor at a building’s central fuse box to measure transients and
harmonic distortion in high resolution. Then, by using a digital signal processor,
the range of appliances that can reliably be recognized was extended (Norford and
Leeb, 1996). For example, appliances with a highly variable load such as, motors
or compressors, emit transients at startup and can be monitored by combining
the transients with the information of the complex power load (Norford and Leeb,
1996).
Extremely high frequency transients have also been successfully explored by Pa-
tel et al. This team of researchers used transients and noise are also potential
dimensions that can be used to distinguish between appliances. By monitoring fre-
quencies between 60 Hz and 100 MHz they managed to locate with high accuracy
several household appliances, both larger and smaller ones (e.g. dishwashers and
laptop adapters) respectively (Patel et al., 2007). This method has the ability to
measure from electrical outlets, as it is based on the transients and noise, which
travel throughout the interconnected electrical network on each phase. This system
is affected by the location of the sensor in relation to what is sensed. This means
that the system would have to be recalibrated if it or the measured appliances
changed location. There is also no information about the current or power draw in
transients and noise, so to gather information about the energy usage of individual
appliances another current sensing monitor must be added to the setup (Froehlich
et al., 2011).
Even though high frequency measurements provide many characteristics that lend
themselves well to appliance recognition and differentiation, the required hardware
for these laboratory measurements is still prohibitively costly to be employed on a
large household scale (Zeifman and Roth, 2011). High frequency signal processing
is by its very nature computationally expensive. To use this method efficiently
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this thesis explores how the frequency is related to the disaggregation accuracy of
appliances is evaluated in Chapter 6.
3.1.3 Decentralized Sensing
Another alternative to provide appliance-level information is to measure directly
at the appliance or at every outlet. The hardware for these measurements can
be made less sophisticated in comparison to its centralized, high frequency sensor,
counterpart. This is because little or no signal processing is needed to measure
specific appliances. However, since more sensors are needed this system is often
regarded as more costly (Laughman et al., 2003).
In order to design experiments to evaluate operation behavior on energy usage,
the measurement and feedback must support a user level of information detail.
Appliance disaggregation research has provided stable results in laboratory envi-
ronments and in specific buildings. However, the information from central appliance
disaggregation is still not reliable for in depth analyzes of how an appliance is being
operated (Zeifman and Roth, 2011). For this reason, plug-level, decentralized sen-
sors in every electrical outlet or in every appliance has been envisioned (Zou et al.,
2011).
Measuring the energy usage at every electrical outlet provides highly robust and
clear data in terms of the appliances attached to this outlet. It also opens up for
other services like remote control and automation of individual appliances, which
could not be supported by only a central installation. The method to measure single
appliances follow the same procedure as the initial phase of centralized appliance
disaggregation, and will be further explained in Chapter 6.
3.2 Challenges and Constraints
Developing the access to energy-use information to improve the general knowledge
and lay the foundation for future services on a residential scale is a challenging
task. First of all, the functionality have to provide enough information to support
services that can help energy users become more active and sustainable in their
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energy usage. Second, the scale of targeting residential households limits what can
be installed cost effectively. This section will introduce the theoretical and practical
challenges and constraints to implementing energy-use feedback in the residential
sector.
3.2.1 Theoretical
How energy-use information is used in order to accomplish a specific goal has re-
ceived little research attention (Bartlett and Toms, 2005). This is a complex prob-
lem, which was already evident in the eighties as this quote explains: “In general,
we know that increases in fuel prices, limited availability of some fuels, slower
growth in economic activity and in population, and perhaps government conserva-
tion programs all contributed to changes in energy use. However, we are unable
to accurately quantify the influence of each determinant on energy use changes”
(Hirst, 1980, p.868).
Distinguishing what contributions the different forms of feedback have in house-
holds and what factors motivate desirable change are still unclear. User interaction
is treated as a black box where experiments are only analyzed at the end of the
interaction regarding its overall success “without providing insight into the reasons
why” (Abrahamse et al., 2005, p.283).
Experimental results from giving direct energy-use feedback, thus, have contra-
dictory results, which cannot be explained by current analyses. By measuring the
times of information interaction, Nunes et al. (2011) approached the relationship
between information interaction and energy usage. The study found that active
participation is essential for impact, with a significant correlation between the fre-
quencies with which real-time energy monitors were used, and a diminished use
of energy. The authors concluded, however, that more research is needed to fully
understand how the information was used to result in these changes.
A couple of studies that provide quantitative insight into the effect of information
use come from Hargreaves et al. (2010, 2013). Through extensive interviews, the
authors found that some actions were taken in direct response to the information
shown on the display while others seemed to be based on an accumulated amount
of information (Hargreaves et al., 2013). However, whether or not this information
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affected the energy usage is not clear, as only an initial behavior change could be
measured.
Our understanding of how information is used is the bottleneck, and this un-
derstanding directly impacts how effective energy interaction systems should be
developed (Watson et al., 2010). In order to proceed from the current state of in-
conclusive evidence with regard to information access and its impact, experiments
need to be developed that follow user interaction more closely (Darby, 2010c). This
thesis answers this call and presents the necessary monitoring system for contin-
uously measuring interface interaction and energy usage in Chapter 4. Then, in
Chapter 5, the system is used in the field and the correlation between interface
interaction and energy usage is evaluated.
3.2.2 Practical
The fundamental practical constraint for smart-meter technology intended for house-
holds is the system cost for a regional or national roll out in relation to the utility
it produces. The large scale of the system is necessary since the residential sector
is comprised of many small entities, in contrast to the industrial sector where fewer
large users have a comparable energy usage. The system has to balance informa-
tion detail and the cost to provide the hardware for sensing, processing, storing
and presenting the information (Zoha et al., 2012). Specific energy-use data on an
individual appliance level, where every single device is recognized, is believed to
be intuitive and able to increase energy-use awareness (Darby, 2010a). However,
appliance specific information often incur a premium cost (Zoha et al., 2012).
At the end-user level the cost constraints are more severe compared to solutions
for larger businesses with customized appliances. So far the evaluations of central
appliance recognition that have been carried out in laboratory settings or field trials
have been very successful at finding appliances (Norford et al., 1999). This scope has
suited the purposes of keeping track of specific appliances with a large power load,
like air-conditioning units (Hadden, 1999). However, as the scope of these appliance
recognition tools are applied at the end-user level, as a potential part of the smart
grid, new considerations must be taken into account. For example, differences
between building types, their energy distribution system and the interaction with
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already installed appliances must be considered. Common building dynamics have
to be understood and evaluated to get a robust information system.
So far it has been considered too expensive to scale this system to a smart grid
level because of the extensive hardware needs and intrusive installation methods
normally necessary (Darby, 2006). However, a better understanding of how data
sample resolution impacts the results of appliance disaggregation is needed, as it
directly influences the necessary hardware sophistication level. Two systems to
provide appliance level data will, therefore, be evaluated in Chapter 6. The already
known disaggregation techniques will be evaluated in terms of their dependency on
frequent measurements. Additionally a new electrical outlet level system will be
tested to provide, even more detailed energy-use information, on an user operation
level.
3.3 Methods of Analysis
The research conducted in this thesis draw from Information Systems (IS) research
methodologies and specifically Green IS, Energy Informatics and Design Science.
This section will introduce these domains, the main framework they provide and
how this affects the research development.
3.3.1 Green IS and Energy Informatics
Information-systems research has an important role to fill in the development of
decision support systems for households by providing rigorous methods with which
iterative research can be developed (Brocke et al., 2013). By fusing IS research
with Green IT, Green IS and Energy Informatics are posed to help develop more
sustainable business practices and products through focused reporting and analysis
of their environmental impacts (Boudreau et al., 2008).
Historically, as the information technology (IT) industry expanded during a time
of heightened sensitivity of global environmental issues, the impact of IT has been
scrutinized in terms of their environmental impact. Green IT research is analyz-
ing ways of improving the use, design, manufacturing and disposal of information
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technology to make its environmental impact smaller (Murugesan, 2008). The use
of IT to improve sustainability and awareness has grown out of this research. This
latter focus, which is directly related to the system proposed in this study, is re-
ceiving more attention under the banners of Green IS (Butler, 2011; Elliot, 2011)
and Energy Informatics (Watson et al., 2010; Goebel et al., 2013).
Both Green IS and Energy Informatics emphasize the importance and challenge
of focusing on the system instead of the technology and the complexities in the
development of, for example, an energy-use information system. However, the
scope is different between these two research directions. Green IS focus on the
development of information systems to enable sustainable business processes while
Energy Informatics analyse how information systems can be designed to increase
the efficiency of energy usage (Watson and Boudreau, 2011).
3.3.2 Design Science
The situation of integrating information and communications technology (ICT) in
the development of new artifacts is not limited to the IS domain. However, IS
research has of late become recognized for its unique position to investigate and
improve an ICT artifact’s ability to solve “real-world business problems” (Hevner
and Chatterjee, 2010, p.9). By combining insights from natural science, how in-
dividuals, organizations and technology interaction can be understood with the
problem solving aspect of engineering, an IT artifact can be developed to improve
the effectiveness and efficiency of an organization (Hevner et al., 2004).
A clear and structured framework is necessary to make the design process a
stepping-stone for further research. By adhering to the proposed analytical frame-
work, as proposed by design science (Hevner et al., 2004), the potential for cumu-
lative development of the artifact is strengthened (Gregor and Jones, 2007).
The design science structure was originally ordered along the nominal process
shown in Figure 3.1 (Hevner et al., 2004). However, in subsequent developments of
the theory the possible entry point was recognized to be dependent on the specific
problem, its context and who initiated the research (Peffers et al., 2007).
The four different entry points can be centered on: the problem, the objective, the
design and development and the client. A problem centered approach is initiated by
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Process iteration 
Figure 3.1: Design science research model with the different entry points and their
relation to the nominal process, based on Peffers et al. (2007, p.54)
clearly defining the problem and motivating the need for a solution. An objective
centered solution is based on a given problem, however, the solution has not been
formalized. By clearly defining the solution scope the design science research can
be evaluated. A design and development focus is when the solution is given. This
could be when developments in engineering provide new technologies that can be
used in IS solutions. Finally, a client-centered design iteration is based on current
design implementation to which users react. Based on the input from these users,
new design objectives and requirements can be developed.
Since the smart-meter infrastructure already exists it is appropriate to first eval-
uate users experiences with related versions before moving on to the next design
iteration. In line with this analytical process, the development and evaluation of
the system related to the current smart-meter specification is presented in Chap-
ter 4 and 5, while the client initiated system, which resulted from this research, is










The experimental evidence is inconclusive regarding the impact of energy-use in-
formation. In Chapter 5, Section 5.2.1 experimental projects, which provide direct
access to the household’s aggregated energy use, are compiled and show results
that vary between non-significant to 23% energy savings (Ehrhardt-Martinez et al.,
2010; Darby et al., 2011; Thuvander et al., 2012). Due to the many variables in
energy-use information experiments it is difficult to deduce if and what treatment
variable has influenced the participants to change or not (Abrahamse et al., 2005).
Researchers of information systems (IS) science are therefore compelled to move
their focus from the question if users are affected, to the question how they are
affected (Watson et al., 2010; Hargreaves et al., 2013).
As explained in Chapter 3, Section 3.2, a major challenge is to control the ex-
perimental variables. This problem is also present on the measurement level. Full
access to the energy-use measurements are necessary in order to follow the partic-
ipants energy usage and information interaction. The experimental system should
also have similar capabilities as the system from the utility or other meter provider.
Since the currently quoted capability of smart-meter technology has a data polling
frequency of between 7 seconds and 2 minutes (Ehrhardt-Martinez et al., 2010), the
developed energy-use information sensor and feedback system has to provide access
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to the raw measurement data in a comparable frequency. Finally, the experimental
information system also has to be portable and installable by non-intrusive means
for practical and cost reasons of a temporary field trial.
In light of these requirements, this chapter aims to analyze the development of
such an experimental platform and evaluate how aspects outside the control of
the energy meter can influence the measurements. The engineering development
to measure, process, store and present household-level energy-use and interaction
information will be detailed. The measurement platform will be evaluated be-
tween buildings and analyze the influence of a building’s specific wiring on the
measurements. The results of this study has been previously published by Dalen
and Weinhardt (2012). The resulting platform for processing and presenting the
measured information was subsequently published by Dalén et al. (2012).
4.2 System Design
In line with the practical requirement of system scalability, which was introduced
in Chapter 3, Section 3.2.2, the goal with our platform was to strike a balance
between measurement frequency, information detail and creating a platform that
could be implemented on any smart-meter even with a rudimentary microcontroller.
In this first household-level design iteration we will focus on measurements at 1 Hz
and slower, which is comparable to the current smart-meter capabilities (Ehrhardt-
Martinez et al., 2010).
Being a temporary experimental platform, intrusive or labor intensive measure-
ment installations, which are available to commercial meter providers, will not be
evaluated in this study. The main difference between the commercial solution and
their open-source counter parts is the proprietary nature of the former. This in
turn limits the access to the underlying data, as it is normally given in an aggre-
gated format. As this project is focused on testing how different aggregations and
formats of energy information will influence the receiver, access to the raw data is
necessary. The resulting system was, therefore, based on the Arduino platform and




Figure 4.1: Measurement System Overview: power line (single phase), current
clamp sensor, sensor device, communication unit, web server
of this specific hardware allowed for explicit control of every aspect of the sensing
and processing the data before transmitting it to the main server.
The system was built using a battery-driven sensor unit with three current trans-
formers (CTs). The sensor unit calculates power values from the current measure-
ments and sends these values to a communication device via a radio link. The
values where then transmitted to the central database, which supplied the web-
interface with its information. The system is depicted in Figure 4.1 and shows
the sensor unit with its current transformer, the radio transmission link and the
communication unit that transmits the values to the database. This section will
provide more detail on the physical and informational properties of the designed
system.
4.2.1 Physical Properties
The measurement technique used in this study utilizes the magnetic field that is
established around a wire when there is a change in the electric current. Since the
magnetic field is proportional to the current in a long straight wire (Ampere’s law)
it can be used as a proxy for the flow of electrons and subsequently provide a less
intrusive measurement than the alternative, in-line measurement option.
The German electrical power grid provides alternating current on 3 phases, at
50 Hz and with a voltage of 230V. At the fusebox each phase corresponds to one of
the main wires. The ferrite split-core CTs, depicted in Figure 4.2, with n = 2000
turns per meter and a maximum current restriction of Imax = 100A were attached
43
Household Energy-Meter Engineering
Figure 4.2: Ferrite split-core current transformer (CT) with n = 2000 turns and a
maximum current restriction of Imax = 100A.
to the main wires. The magnetic field the main wires is then channeled in an iron
ring, around which another wire is coiled. The magnetic field induces an electric
current in the coiled wire. This secondary current is lead through a resistor, over
which the voltage drop is measured. By using Ohm’s law, which states that the
current is the quotient of the voltage divided by the resistance (I = U/R), the
secondary current (I2) can be calculated. Supposing that the current transformer
can be approximated as an ideal transformer (I1/I2 = n2/n1), the primary current
(I1) can be deduced since the turn densities (n) of the CTs are known. Finally,
the power usage is calculated by multiplying the primary current with the known
primary voltage (P = I · U).
The goal with the measurement system was to strike a balance between the in-
formation detail (measurement frequency) and creating a platform that could be
implemented on any smart meter. By using widely available technology with limited
data processing capability the chances of wider use or even embedding the technol-
ogy into smart meters is assumed to be higher. The open source platform Arduino
is a general prototype platform with a simple interface which uses a derivative of
C++ for coding. The same platform has successfully been used in other similar
projects referenced in Chapter 3, Section 3.1.
The Atmega 328 micro-controller is fed by a voltage of 3.3V , which restricts the
incoming signal to the on-chip analog-to-digital converter (ADC) to a voltage up
to this value. This means that the incoming current from the CTs must be limited,
in order to be correctly registered and not to put the integrated circuit at risk of
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Figure 4.3: Physical Working Principle of power measurement by induction.
over voltage. However, by allowing large currents to correspond to the upper limit
of the ADC the resolution for detecting a change in current suffers. The upper
detection limit must therefore be designed with a minimal buffer. Since most of
the fuses in German household’s have a trigger threshold of 50 A or less, we chose
the on-board burden resistor accordingly, shown in Figure 4.3. By using Ohm’s law
we deduce the burden resistance to be 66Ω, and with a 60Ω-resistor we leave room
for a 5A overshoot without sacrificing too much resolution.
The micro controller processes the voltage information from the CTs and the
burden resistor on a 10-bit scale (210), which results in a resolution of 8.7 VA/bit.
The alternating current and voltage is sampled at 2000 samples per second and
the real power is attained by multiplying the instantaneous current and voltage
measurements according to Equation 4.1 and 4.2. Apparent power is calculated
with the root-mean-square (RMS) value of the sampled values (see Equation 4.3
and 4.4). The apparent power-vector is normally expressed in its base units of real
and reactive power, as pictured in Figure 4.4, the imaginary power unit (reactive
power), was subsequently calculated according to the Pythagorean theorem.






















Urms · Irms = Prms = S (4.4)
4.2.2 Software Implementation
Two micro-controller boards were used to measure and send the energy-use data to
the web-server. The measurement device is shown in its white casing in the system
overview, (Figure 4.5). In an attempt to balance battery power with close to real-
time values, energy-use readings from the metering devices were communicated
once every eight seconds, since the radio communication used the most power by
a large margin. This data was then aggregated into 5, 15 and 30-minute intervals
to be displayed in the different historic view modes. The energy sensor and the
communication unit communicate via radio at 868 MHz frequency. The second
micro controller, shown in its black case in Figure 4.5, is connected to the router
of the household via ethernet and transmits the data objects to the central server
using JSON elements exemplified here below.




‘ ‘ id ’ ’ : ‘ ‘ sensorID ’ ’ ,
‘ ‘ c t1 ’ ’ : ‘ ‘ powerReading1 ’ ’ ,
‘ ‘ c t2 ’ ’ : ‘ ‘ powerReading2 ’ ’ ,
‘ ‘ c t3 ’ ’ : ‘ ‘ powerReading3 ’ ’ ,
‘ ‘ ba t t e rySta tus ’ ’ : ‘ ‘ batteryReading ’ ’
}
Figure 4.5: Household measurement, processing and presentation energy-use infor-
mation system overview.
evaluation, which is presented in this chapter, focuses on the sensor hardware.
Specifically, the energy sensor will be tested in different households in order to
evaluate how it integrates with the household and explore the influence of household
wiring on the measured data. The evaluation contribute to the understanding of
how robust energy-use measurements are, and provide insight into the challenges
of creating a system to recognize individual appliances between buildings. The
second evaluation focus on the user interaction and is presented in Chapter 5. The
main contribution from this evaluation is the increased understanding of how users




To understand the transferability of the measurement system between buildings,
how the individual household’s influence the measurements has to be understood.
This section will provide the details of an experiment that analyzes a building’s
influence on current and voltage measurements from a central point in the building.
A specific method is devised to isolate the external affects of the building’s electrical
system characteristics. By using a fixed set of appliances between the houses most
potential measurement artifacts can be attributed to the building.
4.3.1 Measurement Schedule
To isolate the building’s electricity network the same seven appliances with a range
of different power draws and different ratios between real and reactive power were
measured in four buildings with different characteristics. The appliances where
grouped into three groups and a specific running schedule was devised for them
and cycled three times (as pictured in Table 4.1). The first group consisted of three
kitchen appliances, a microwave oven, a hand mixer and an electric kettle. Half a
liter of water was first warmed in the microwave for one minute, then mixed for
20 seconds, and finally brought to a boil in the electric kettle. The second group
consisted of a fluorescent and an energy-saving light bulb. They where switched on
for 30 seconds in consecutive order. Finally, the third group of appliances consisted
of an iron and a table-fan. The iron was plugged in and left until warm and after
unplugging the iron the fan was left running for 30 seconds.
The buildings studied were three apartment buildings and one office. Base-case
measurements were measured directly at the appliances to have a common point
of reference. Both the base-case and the apartment building one (B. One) have
no other active appliances attached to the same electrical phase between the point
of measurement and the measured appliance. Apartment building two and three
(B. Two and B. Three) are both smaller apartments with similar attached loads
(computers and fans). Finally, building four (B. Four) is the office building. The
loads there are homogenous and consist mostly of computers, screens, fluorescent
lights and other office equipment.
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Table 4.1: Measurement schedule for energy-use sensor evaluation
Appliance Group Type of Appliance Running Time
Kitchen
Microwave oven 1 min
x3Hand mixer 20 sElectric kettle Until boiling
Lights Fluorescent 30 s
}
x3Energy saver 30 s
Other Iron Until warm
}
x3Table fan 30 s
4.3.2 Parameters for Evaluation
The correlation between the appliances in different buildings can be understood by
comparing the mean and variance of the individual device’s power load given in
Table 4.2. For example, the mean power load from an appliance which has been
turned on can be compared between the appliances, while the variance is used to
estimate whether the appliance measurements fluctuate more or less depending on
the building’s wiring and attached appliances on that phase. This could impact
the load characteristics if the wires have are inductive or conductive loads relative
to the measured appliance.
4.4 Results
The measurement micro-controller has been installed in four different buildings to
test the sensors and evaluate the impact of a building’s electrical infrastructure
and secondary appliances’ influence on the measurements. To evaluate the build-
ing’s impact on the measurements the specific appliances are divided into the ones




Figure 4.6: Real and reactive power measurements from the iron
4.4.1 Real Power Appliances
Appliances with a high power factor, (i.e. where the real power is dominant) give
highly regular load clusters with small variations between the different buildings
in relation to the overall load. A really clear example of this is the iron (shown in
Figure 4.6), which only shows a slight variation in reactive power between buildings.
The load is almost purely resistive and the different building’s wiring and other
active appliances only add a small reactive component.
4.4.2 Reactive Power Appliances
In contrast to the real power appliances, the influence of the appliances’ amount
of reactive power load is clear even from this small sample of measured buildings.
Table 4.2 shows an excerpt of the mean and variance statistics for the iron, fan and
fluorescent light measurements from the different buildings. Large differences from
the mean in the reactive power between the appliances shows that the buildings
50
4.4 Results
Table 4.2: Mean and variance of real (P) and reactive (Q) power statistics of the
fluorescent light, the iron and the fan measurements while running.




P 6.99 9.12 4.20 3.09 3.78
Q 9.81 11.47 10.58 10.42 31.59
Var.
P 0.10 0.15 5.83 3.92 4.08
Q 0.03 0.99 0.49 0.80 0.31
Iron
Mean
P 1801 1843 1786 1849 1760
Q 141 117 200 127 188
Var.
P 322 400 299 338 449
Q 1 5 2 1 2
Fan
Mean
P 20.73 23.63 19.31 18.43 18.07
Q 25.33 28.01 29.55 30.90 13.19
Var.
P 0.42 0.56 4.57 5.60 6.32
Q 0.84 0.75 0.27 0.35 0.23
influence the power load. The larger variance difference between devices shows that
there is an interaction with charging and discharging components (i.e. capacitors
or inductors on the same phase).
Appliances with a power load dominated by reactive power are influenced more
by the appliances on the same phase. By interacting with other loads these pre-
dominantly reactive power appliances are characterized by a highly fluctuating real
power. These effects can clearly be seen in the fluorescent light and the fan mea-
surements visualized in Figures 4.7 and 4.8. Since these two different loads are
inductive, the available capacitive power from surrounding appliances changes the
amount of real power that has to be supplied to compensate for the reactive load.
This effect can be likened to the storage of capacitors that larger industries install
to balance the inductive loads of large or multiple motors. However, where motor
windings and capacitor banks can be scaled to balance each other, the effects of fast
switching inductive loads like the fluorescent light are more variable. This effect
can clearly be seen in the office (B. Four) where the fan, which is a typical inductive
load with its motor windings, draws a much smaller amount of reactive power from
the source, since the demand for capacitive power is met by other active appliances
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Figure 4.7: Real and reactive power measurements from the fluorescent light.
on that phase.
4.5 Discussion
In this study a central system for aggregated load measurements is developed to
provide continuous data on energy-use and user interaction. However, the evalu-
ation in this chapter focuses solely on the sensor measurements and not the user
interaction, which will be fully evaluated in Chapter 5.
The goal of the measurement system was to design a portable, easy to install
and only require an off-the-shelf micro controller to assure that the system could
be easily implemented with current smart-meter technologies. The technologies to
implement this system reflects these requirements. First of all, the CTs sensors clips
around the wire and can be installed without making any changes to the existing
infrastructure. Second, the micro controller is limited in terms of processing power
to drive the radio and web link and transmit the data to the database. As this
sensing and transmission link already exists in the current smart meter, the system
proposed in this study adds some programmable space for calculations and analyzes
in addition to the capabilities of the current smart-meter technologies.
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Figure 4.8: Real and reactive power measurements from the table fan.




This research, thus, exemplifies a way to update smart meters that were rolled
out early without a full set of features for supporting the potential of modern energy
use information (European Commission, 2011). Leaving some space for developers
to create additional functionality that is strictly separated from the logic for the
billing could be a way to rapidly evolve the functionality of smart meters.
The measurement system was evaluated in different buildings. By implementing
the measurement system in four different buildings and logging the real and reactive
power load from the same seven appliances, a method of isolating and comparing
the effects of the buildings’ electrical wiring and the already installed appliances
between the buildings is introduced. Based on the results from this study, the
conclusion can be drawn that household appliances’ reactive power is influenced by
the electrical infrastructure and secondary appliances. Most of the differences are
due to the reactive power levels between buildings. This means that by reporting
active power values many of the artifacts that are incurred by the buildings can be
managed.
In sum, this chapter provides a straightforward example of how a system can
be implemented to provide frequent household energy-use information and logging
capabilities. In the next chapter the combined measurements of the user interaction






Smart metering is being rolled out and users are seeing an increase in utility ef-
forts to make the traditional energy-meter information more transparent. The
European Union’s directive on energy efficiency states that supporting individuals
to save energy could have a major influence on market-wide adoption (European
Commission, 2012). However, many business cases for smart-meter technologies
in Europe rely on end-user’s participation (Darby, 2010b). The European Smart
Meter Alliance (ESMA, 2010, p.51) similarly concluded that “[e]stimates of likely
benefits are needed to justify and design investments in demand response and smart
metering.”
Generally, consumers are interested in having more and better information about
their energy usage (Chetty et al., 2008). However, how this information should
be designed and presented remains uncertain (Kaufmann et al., 2013). Enticing
and sustaining already busy individuals with direct access to their meter data has
proven to be difficult. Two of the largest information driven businesses, Google
and Microsoft, have both pulled the plug on their energy feedback projects due to
a lack of interest.1
The necessary development of advanced meter infrastructure (AMI), where en-
1google.com/powermeter, microsoft-hohm.com
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ergy use information is digitized and communicated bidirectional between the util-
ity and the user, is still limited (Ipakchi and Albuyeh, 2009). So far, research has
evaluated different types of energy-use feedback (Ehrhardt-Martinez et al., 2010;
Alahmad et al., 2012), and measured information interaction related to the overall
change in energy usage (Nunes et al., 2011). However, since these general results
have little explanatory power on what information detail contributed to the impact
(Abrahamse et al., 2005), research need to go beyond the question if users are
affected by supportive systems and ask the question how they are affected (Watson
et al., 2010; Darby, 2010c).
This chapter focuses on the research gap of the relationship between users’ in-
teraction with energy-use information and their subsequent energy related actions.
The aim is to better understand the correlation between the information use and
behavior change. By developing an experiment where users are supplied with di-
rect and historic feedback through a web interface (enabled by the non-invasive
measurement platform presented in Chapter 4), a realistic platform that is directly
related to the current capabilities of smart meters, as defined in Chapter 2 and the
European Union’s energy directive on energy efficiency (European Commission,
2011), is provided. The experiment allows logging of both interface interaction and
energy usage that can then be correlated to changes in appliance operation.
The presented material is based on the published articles (Dalén et al., 2012) and
(Dalén, 2014) and begin with the hypothesis development based on work related to
direct energy-use feedback and information use from experiments. The hypotheses
then guide the experiment design and methodology. The experimental setup is
explained, followed by the results section. The chapter concludes with a discussion
of the findings and the main contributions from this research.
5.2 Related Work
Field experiments of smart meters are abundant. This section will provide a general
introduction to these trials, their potential effects on energy efficiency and knowl-
edge and current gaps in the research. The main focus will be on the experiments
of live and historic feedback, which is related to the current smart-meter services
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and the research forcus of this thesis.
5.2.1 Related Experimental Results
Due to the rapid expansion of the capabilities of information and communica-
tions technology (ICT), new venues for inquiry are opening up and experiments
on the impact of supplying energy-use information are taking place around the
globe (Ehrhardt-Martinez et al., 2010). These studies are not only research en-
deavors but also commonly industry ventures to meet customer demand for more
customized solutions to explore new potential markets. Based on the result from
these studies, general predictions are made about the impact of smart-meter tech-
nology and residential energy-use information on saving energy (Darby, 2006; Seal
and McGranaghan, 2010; ESMA, 2010).
However, “[d]espite several years of claims for smart metering, actual implemen-
tation at the household level is in its infancy and there is little hard evidence yet on
what AMI can actually achieve.”(Darby, 2010b, p.454). In context of the studies’
importance for future expectations of the impact of smart-meter information, it is
worrying that the reporting from the trials are rudimentary (Fischer, 2008). For
example, comparing the starting point and the end point of an experiment provides
little information about a trend’s development. Table 5.1 show an overview of a
subsection of the experimental studies reviewed by Ehrhardt-Martinez et al. (2010)
and (Raw and Ross, 2011; Thuvander et al., 2012), which are related to this study.
Specifically those studies which analyzed direct and indirect energy-use feedback
(from daily and more frequent) have been evaluated.
The reviewed studies show that the results vary considerably, even between stud-
ies that use similar feedback technologies. These previous experimental results sug-
gest that a deeper understanding of how information is used is necessary to develop
smart meters functionality further (Ehrhardt-Martinez et al., 2010). In this chapter
a mixed methods approach is pursued to evaluate this gap in the research.
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5.2.2 Mixed Methods Approach
Most experiments of energy-use feedback are evaluated separately on a quantitative
or qualitative basis. In the former analysis this is done in terms of how much energy
that has been saved by the introduction of the information, and in the latter users
are commonly asked about strengths and weaknesses with the current platform.
The challenge with relying on a qualitative measure alone is that the source of
a positive, neutral or negative treatment response is difficult to pin-point. Strict
qualitative studies on the other hand, are sensitive to biased answers and therefore




This problem, of understanding causality and controlling experimental variables
is introduced in Chapter 3, Section 3.2.1 and is a complex issue to handle. So
far, the qualitative and quantitative analyses have provided answers to unrelated
questions, even though they are thematically similar. Information-systems research
has a unique position to cover multiple methods through its multidisciplinary roots
(Venkatesh et al., 2013), which can mitigate the challenge of evaluating how in-
formation is used. The ability to combine qualitative and quantitative analytical
methods is convenient for evaluating user’s interaction with energy-use information
as the actions transpire at the cross-section between the individual’s incentives and
the measurable impact thereof.
This study, therefore, explores the power of a mixed method approach to confirm
or reject the measured energy usage and interface interaction with the participants
own statements. This method can help to triangulate the reasons for a measured
outcome, which is fundamental for developing energy-use information systems fur-
ther (Watson et al., 2012).
5.2.3 Hypothesis Development
Considering the conclusions of the previous energy use information experiments,
specific hypotheses are formed to structure this analysis. First, reviews of energy
information recommend direct feedback as a way to elicit significant energy savings
(Ehrhardt-Martinez et al., 2010; Fischer, 2008). Although recent experiments con-
tradict this view (Darby et al., 2011; Thuvander et al., 2012), this study will test
for a significant positive effect of providing direct access to energy information in
line with the previous studies.
H1: Providing direct access to household level energy-use information will lower
overall energy usage in comparison to the time before having this access.
Second, to further position the experimental results in comparison to previous
studies, the overall treatment effect is evaluated over discrete months. Based on
previous research we expect that there will be a novelty effect of accessing the infor-
mation, which wears off as the experiment progresses (van Dam et al., 2010; Wilhite
and Ling, 1995). Thus we presume that the time directly after the treatment start
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will be the time with the lowest energy use.
H2: The month directly after the treatment begins will correlate with the lowest
overall energy usage.
In the third hypothesis, the interface interaction is used to perform a detailed
evaluation of the direct and indirect effects of information use. In contrast to H1
and H2, which tests whether direct access to real-time energy feedback is effective
overall, Hypothesis 3 (H3) test the correlation between individuals’ interface use
and their energy usage.
This chapter focuses particularly on evaluating the relationship between user
interaction with information and how this information then is applied. Whether
the interface interaction can be directly correlated to a change in energy usage is
tested. Related qualitative analyzes in previous trials, of how real-time energy-
use information is used, concluded that energy-use knowledge accumulates over
time (signifying an indirect use) and to evaluate and control unusual events in the
moment (signifying a direct use) (Hargreaves et al., 2013). From this no direct
presumption can be made of whether a direct or indirect relation is predominant.
However, similar to H1 and H2, this hypothesis will test for a positive treatment
effect, which in this case means an active and direct curtailment of the energy
usage. To explore the effect a window of five hours after the interaction is analyzed
for changes in the energy usage.
H3: Interface interaction has a significant and negative correlation with a below
average energy usage.
As mentioned in Section 5.2.2, this study’s goal is to combine the quantitative
results with a qualitative interview to gain a new perspective and a new under-
standing of energy information interaction. The effects will, therefore, be mapped
onto the categories of interview responses of the participants to evaluate certain
patterns.
5.3 Experimental Design
To test the hypotheses a pilot experiment is developed based on the portable,
smart-meter measurement system presented in Chapter 4. The experiment is a
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July	 Aug	 Sept	 Oct	 Nov	
Figure 5.1: Overview of the experimental phases with real-time energy-use feedback
(2012)
quasi-experiment with an interupted time-series structure (Shadish et al., 2002).
This means that the experiment was carried out in two stages: the calibration
phase and the treatment phase (shown in Figure 5.1).
In the initial baseline phase, between mid July and mid August, the metering
devices were installed and the energy usage was monitored. There was no feed-
back to the households in this phase and the website functionality was limited to
basic project information. The calibration phase served to establish a base level
of energy usage. The treatment phase lasted for three months, from mid-August
to mid-November 2012. During this phase, the participants were able to access
all website functionalities, which included the real-time and historic energy-use of
their households.
5.3.1 Participants
Fifty student households, of comparable communal living arrangement, voluntarily
signed up to have the measurement system installed. The interested individuals
were then asked to take photos of their fuseboxes and meters and provide additional
information about their households (size in m2, floor level, number of inhabitants,
gas or electric stove).
The fuseboxes were inspected to prove that a non-invasive installation would be
possible. Twenty five out of the fifty households were suitable and out-fitted with
the sensor and communication unit, presented in Chapter 4. The sensors were
distributed with its associated materials (e.g. cables, batteries and instructions) to
each household. Figure 5.2 show an example of a fusebox with sufficient room for
the installation (left) and another example where an installation was not possible
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Figure 5.2: Two examples of fuseboxes showing the clearance to the main wires
marked with red circles. The left example has enough room for the current trans-
formers while the right one is too restricted.
(right). At some households extra hardware as routers had to be supplied in order
for the system to work. Two households changed inhabitants during the project
and were omitted from the experiment.
The whole installation process took between 30 minutes to an hour. Much time
was spent explaining the system, energy-use information in general and the partici-
pants’ reasons for participating in the project. The final functionality of the system
was confirmed by accessing the admin interface on site. The support following the
installation process was directed at keeping the sensors online and answering partic-
ipants questions. This entailed debugging faulty soldering joints, electrical compo-
nents, network setups and customizing the software to work with all the different
existing routers in the households. Regular maintenance work such as replacing




The basic functionality of the energy-use information system was based on a battery-
driven sensor unit with three current transformers. The sensor unit sent calculated
power values to a communication device via a radio link. The values where then
pushed to the central database, which supplied the web-interface with its informa-
tion. Further details regarding the hardware is presented in Chapter 4.
Web-based feedback has the advantage of being relatively inexpensive to install,
and is scalable since it can use existing infrastructure (Darby, 2010c). Another
benefit of web-based feedback from a research perspective is that the platform
is shared between the user and information supplier. In addition to energy-use
measurements, user-interaction data of the web based front-end was collected and
logged for further analysis. In contrast to dedicated displays - where the display
use is most often assumed - web-based feedback offers the opportunity to analyze
the actual use of the display technology. This provides a quantitative method of
exploring how information usage compares to a change in energy usage, which is
not common in current energy-feedback research (Wood and Newborough, 2003).
The study by Nunes et al. (2011) is an obvious exception where interaction and
motion sensors around the feedback system is used to evaluate this aspect.
The modular web-based experimental framework is, therefore, designed around
a database driven web site based on MySQL and AJAX. The incoming JSON
data where timestamped and the ‘‘ sensorID’’ was matched to pre-configured user
accounts. The web-based design allows for multiple devices with internet access to
view the information. The data was polled by an AJAX script and updated the
dynamic rendering with new values.
The database driven web site allows the front-end developers to write and imple-
ment new features based on the available data in the database. There are currently
two views implemented, the live and the historic view. Participants could log on
to their household account with a username and password. The landing page af-
ter login is the live view where the power load is continuously displayed as data
becomes available in a moving graph. Most German households are connected to
the power grid through three main phases and these were kept in the interface to
provide additional granularity. By separating the phases they could also be dis-
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Figure 5.3: Web-based live feedback view based on three phase measurements
played individually or as an aggregated load in a stacked graph. Figure 5.3 shows
this direct interface.
Every eight seconds, a new value is send to the server, and the chart moves to
the left. This creates the feeling of live monitoring such as for medical devices.
Additionally, a gradient progress-bar indicates the level of current energy use from
green (low) to red (high). The gradient bar of the moving average power usage is
based on two previous weeks, which makes the gradient account for seasonal effects
and gradual energy-use changes made by the household inhabitants.
The energy-use feedback format that is normally followed by direct feedback
is the aggregate historic view of these values. Past energy-use data is stored for
further evaluation, which allows the energy user to focus on specific times in their
energy usage. The actual energy use of the respective period is indicated in half
transparent blue, and the historic average of the user’s energy usage for the period
is plotted unobtrusively in gray in the background, see Figure 5.4.
In the alternative, historic view, previous energy usage can be reviewed on a
daily, weekly or monthly basis. Specific week days are compared with the same
previous weekdays, weeks are compared to previous weeks and so forth. This al-




Figure 5.4: Web-based historic feedback view with current aggregated household
power usage displayed on top of previous power-use data
Finally, the administrator interface allows complete control of the access to the
different feedback views. An example of the control interface can be viewed in
Figure 5.5. This granular control allows for a dynamic way of doing experiments and
the possibility for “sandboxing” new features to a limited amount of participants
before a general roll-out.
5.3.3 Experiment Data
Several types of data were collected for the experiment. Energy-use readings from
the metering devices were recorded once every eight seconds. This data was then
aggregated into 5, 15 and 30-minute intervals to display in the different historic
view modes. In addition to energy-use data, usage of the web-based front-end was
also collected. The energy-use data was logged and aggregated to 15-minute values
before being statistically analyzed.
Of the 23 participants that stayed in the project until the end, 4 had to be
omitted from the analysis due to sensor and communication outages and limited
availability for support. This resulted in 19 households with stable hardware that
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Figure 5.5: Administrator view showing the user management and access tools
were evaluated to test the hypotheses. Of these households, two had five residents,
four households had four inhabitants, eight had three, and the final five apartments
had two people living in them. This resulted in an average of 3.16 persons per
household.
In addition, control group energy-use data were supplied by the local utility
from 50 random households from the same location. These control group readings
are unrelated to the experiment. The real-time energy-use treatment effects are
analyzed both within the experiment (pre- and post treatment) and against the
control-group data. Since the demographic of the latter is different from the student
exclusive experiment no direct comparisons can be made besides supporting the
evaluation of seasonal effects (weather and temperature).
5.3.4 Interview
The interview used the dramaturgical model suggested by Myers and Newman
(2007). A semi-structured list of questions were used to allow for the participants
to report their experiences freely (Gläser and Laudel, 2010), while covering the areas
of interest; energy-use awareness, flexible energy usage and energy-use information
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privacy. The interviews involved 13 of the 19 households that participated in the
full experiment and took place in the homes of the users to provide a comfortable
setting. The 6 remaining households were unavailable during the time period for the
interviews. Open descriptive questions were used to initiate and close the interview
session.
The recorded interviews were coded by labeling specific phenomena in accor-
dance with grounded theory (Strauss and Corbin, 1998). To build theory around
the utility of energy-use information the phenomena were analyzed for common
themes (Urquhart et al., 2009). By writing and sorting memos of these diverse sub-
jects seven categories were established, which defined the participant’s processes in
regards to the energy-use information. These seven categories were:
• General energy-use practices
• Perceived energy-use savings
• Energy-use awareness
• Energy-use information practices
• Privacy concerns
• Display allowances and limitations
• Ability to shift energy usage in
time
Every category was divided into a scale of how the answers fitted to the topic.
For example, the users own estimated energy usage was scaled in three levels -
low, normal and high - while the users reported strategies for saving energy were
labeled in: “no saving” (no interest), “no saving” (no potential found), “saving from
behavioral change” (less often used or more often turned off), “base-load saving”
(not leaving appliances in idle or stand-by mode) and “appliance exchange”.
5.4 Results
This section will present the results of the quantitative and qualitative evaluation
combined with the mixed method analysis of the field experiment. The seasonality
of energy usage in the experiment region will be presented first to give a general
understanding of the energy usage during the experiment time-frame. Thereafter,
a more detailed analysis will be made on the within-subject experiment focusing
on the effect of feedback access. Finally, the statements from the interview will be
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presented and compared against the changes in energy usage, both in relation to
the experiment months and directly to the use of the web-based feedback.
5.4.1 General Seasonal Effects
Seasonal effects are outside the control of the experiment but can have a great
influence on the energy used. For example, in a warmer period, there is less need
for electric heating, however, this decrease in energy usage might be offset by a
need for electric cooling.
The seasonal effects influence on energy usage is analyzed by comparing the
control group against the experiment group. Figure 5.6 show the general trends
of average daily power use of the control group (blue) and the experiment group
(red). The figure uses the loess fitting procedure that uses a local selection of data
points to fit the given line within a 0.95 confidence interval.
A seasonal trend is visible between the two groups, which share the same geo-
graphical location but differ in their origin. A comparable decrease in energy use
appears before the treatment starts (indicated with vertical black line at day 46),
between the two data sources, followed by a similar increase after the treatment
start date.
A more detailed regression analysis is presented in order to analyze temporal
and household composition effects on energy usage. For this analysis the data is
structured and labeled in accordance with the factors of interest. An observation is
the average power use of a certain household during a certain 15 minute time block.
The factors are represented by dummy variables indicating whether it is present or
not. For example, the binary dummy variable Feedback, indicates whether energy-
use feedback was available (1) or not (0) in the respective time slot.
The first regression includes the Feedback and Control variables as predictors of
the response in the levels of power load. Table 5.2 presents the statistical results
from this analysis. On average the households in the experiment and control groups
use 290.5 watts. This load amounts to an average energy use of 2.630 kWh per year
and household, which is comparable to the German average of 3.413 kWh per year
and household (Enerdata, 2012).


















Energy use by Control (blue) and Experiment (red) groups
Loess analysis with 0.95 confidence interval
Figure 5.6: Energy usage of the control group (blue) and the experiment partic-
ipants (red) over the entire experiment. Black line indicates the start of the
treatment.
Table 5.2: Multiple linear regression with the power usage as response of Feedback
and comparison group Control
Estimate Std. Error T p
(Intercept) 290.500 2.169 133.944 <0.001
Feedback [True] -10.347 2.758 -3.752 <0.001
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Error), T-statistic (T), and associated p-value (p). The negative estimate from
feedback means that, on average, the period when feedback was given occurred
when the power use was below average (approximately 10%). The control variable
show that the control group uses almost 130 Watt more than the experiment group.
These relations are also apparent in the previous figure (5.6) that presented the
relation between the experiment and feedback groups.
The sample size is 298385 observations, where missing values exists in the com-
bination of household and point in time there is data. The low R2adjusted (1.9%)
confirms that the two datasets are similar, both before and after access to the
energy-use feedback was given.
5.4.2 Treatment Effects
To test the first hypothesis of a general treatment effect, a paired t-test was carried
out. This test reflects the within-subject experimental design and the measurements
of each subject before and after they had access to the interface. However, contrary
to the stated hypothesis, no significant effect from facilitating direct access in real-
time to individual’s energy usage could be found between the pretreatment period
(M=272.86, SD=412.24) and the treatment period (M=281.25, SD=405.14); t(18)
= -2.29, p = 0.03. This suggests that the participants, on average, did not use the
feedback to save energy in comparison to when they did not have real-time access
to their energy-use data.
To explore if the participants changed their behavior during the experiment,
the data was grouped by month. A one-way within-subject ANOVA was used to
evaluate if there existed any significant differences between the energy use in the
months of the experiment. The result from this analysis is pictured in Figure 5.7.
Similar to the overall treatment analysis, the effect was also found to be non-
significant over all four months [F(3) = 1.96, p = 0.13]. The second hypothesis that
there would be a larger treatment effect directly after access was given compared
to later months could not be confirmed. This suggests that the participants did
not change their energy usage significantly in any of the experimental months.
To analyze the impact of the treatment in more depth, a subsequent multiple
linear regression was done that focus on the treatment group. First the poten-
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Figure 5.7: Treatment persistence over experiment months with upper and lower
95% confidence limits marked.
tial impact from specific households were explored followed by focusing on the
number of residents. The data is structured with every row containing informa-
tion on the number of residents and a series of dummy variables in order to con-
trol for household (householdi, i ∈ 1, ..., 19), the day of the week (weekdayj, j ∈
Mo, Tu, We, Th, Fr, Sa, Su), and the hour of the day (hourk, k ∈ 0, ..., 23). Note
that one dummy of each series becomes obsolete, since n - 1 binary variables specify
the entire set.
Table 5.3 displays the results of the multiple linear regression that explains the
respondent variable (power usage) in relation to the feedback predictor when week-
day, hour of day and number of residents are taken into consideration. For clarity
the dummy factors for weekday and hour of day are not shown in the table. Instead,
Figure 5.8 indicates the estimates of these terms and their confidence interval (the
full analysis is shown in Appendix A).
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Table 5.3: Multiple linear regression with the power load as response to Feedback,
Number of Residents, weekday and hour of day.
Estimate Std. Error T p
(Intercept) 104.163 7.468 13.947 <0.001
Feedback [True] 13.233 2.302 5.749 <0.001
N Residents 60.104 1.313 45.788 <0.001
Controlled for weekday Yes
Controlled for hour of day Yes
Observations 134091
R2 adjusted 0.063
In contrast to the previous analysis, when both the control and the experiment
group was analyzed, the feedback period shows a slight increase of power use when
the focus is solely on the experiment group. The regression also shows that each
additional resident increases the power use with 60 watts on average. The sample
size for the experiment group is 134091 observations. The explanatory power of
this analysis is slightly above 6%.
A second regression analysis considers the impact of the households, which makes
the variable residents obsolete, since it is fixed for every household. The result is
shown in Table 5.4. All effects prove to be robust and remain constant, in terms of
sign, direction and magnitude between the impact of the number of residents and
the households. The effects of feedback and household are statistically significant
to the 1 percent level. The dummy coefficients for weekday and hour of day remain
almost identical (cf. Appendices A.1 and A.2).
5.4.3 State-space Model Analysis
The previous ANOVA show that the treatment group has not changed their energy
usage in a significant way. However, this analysis disregard the comparison to the
general pattern of the general public at that time. A potential scenario that the
ANOVA do not consider is that the overall energy-use in the area rise while the
treatment group remain the same. In this scenario, a lack of change within the




































Figure 5.8: Coefficient ranges of a power load regression analysis
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Table 5.4: Multiple linear regression with the power load as response to Feedback,
Household, weekday and hour of day.
Estimate Std. Error T p
(Intercept) 404.307 9.173 44.078 <0.001
Feedback [True] 22.142 2.302 9.618 <0.001
Controlled for household Yes
Controlled for weekday Yes




To analyze this scenario a state-space model method has been suggested by
Brodersen et al. (2015). This model trains a state-space model algorithm to match
the pattern of the pattern during the baseline period while no treatment effect
is expected and the relation between treatment and comparison group to be the
strongest. During this time the comparison group and the treatment group have
similar ability to influence their energy usage in terms of technology. It is important
to remember, however, that the treatment group in this study is likely to be more
homogeneous than the comparison group since they are all university students while
the latter was randomly picked from the same region by the local utility.
The trained algorithm then estimates the likely energy usage during the ensuing
treatment period if no treatment had been given. By comparing the actual pattern
of the treatment group against this estimated “counterfactual” the treatment effect
can be evaluated by seeing if they diverge or not.
Figure 5.9 shows the result of this analysis and give a strong indication that the
effect of giving access to energy-use information is insignificant. This statement
is based on that the actual energy usage (black line) is mostly contained within
the 95% confidence interval (blue area) both before and after the treatment began
(dashed vertical line). The post-treatment area probability of p: 0.17263 emphasize








Experimental Time [Months in 2012]
Pre Treatment








Figure 5.9: State-space model analysis of actual energy-use pattern divergence
against calculated counterfactual energy usage.
5.4.4 Direct Effect of Interface Interaction
To analyze how the information was used in correlation to the use of energy, the
two time-series of interface interaction and power use needs to be compared. For
this purpose the hours after an interaction was marked with dummy variables
{1, 2, 3, ...}. The 15 minute block in which the interaction fell was also marked
with 1. In the analysis five hours were used to get a sense of the development after
an interaction without it becoming too detached from the actual event. The influ-
ence from other, non-controllable factors are assumed to become greater as time
passes.
Table 5.5 summarizes the results from the interaction analysis, which accounts
for each household as they are individually linked to the interaction with the web
site. The results show that only the second hour is significantly different to the
first hour after the interaction. The second hour after the activity on the energy-
feedback web-site the households use 80 watts less power on average when all other
factors are held constant. The following hours, from the third to the fifth after the
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Table 5.5: Multiple linear regression with the power load as a response to 2-5 Hours
prior interaction and household, weekday and hour of day.
Estimate Std. Error T p
(Intercept) 406.921 17.266 23.567 <0.001
2 Hours -80.896 25.108 -3.222 <0.01
3 Hours -32.307 26.685 -1.211 0.226
4 Hours -18.479 27.495 -0.672 0.552
5 Hours 46.606 28.938 1.611 0.107
Controlled for household Yes
Controlled for weekday Yes
Controlled for hour of day Yes
Observations 82933
R2 adjusted 0.134
energy-use interaction, there is no significant effect in relation to the interaction.
The full regression analysis table can be found in Appendix A.3.
5.4.5 In-depth Interviews
The interview results have been divided into the seven categories that became ap-
parent in the analysis of the interviews (see Section 5.3.4). A summary of the
interview results can be found in the Appendix B. This section will give a brief
overview of how the results are divided over the participants and the broader rela-
tions between specific household inhabitants answers and their energy usage.
In the interview 11 out of the 13 users commented on their perceived energy
use. The users appreciations were evenly split between frugal energy-use and a
normal one, with 5 users in each group. One user related that their household was
to be considered as a having high energy usage. This last household proved to be
accurate in their estimate as they showed above average increase in energy usage
over the experiment. Three households also accurately predicted that they were
below average in energy usage, at least during the measurement period.
Prior knowledge about household energy-use was also a factor of the interviews.
Five users said their prior knowledge was low and another five claimed to have a
basic knowledge. One household related that they had almost no prior knowledge
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while another household said that they were highly knowledgeable. One final user
made no comments on this topic. Interestingly, the four users who increased their
energy usage the least were the once who viewed their knowledge level to be low or
insignificant.
The usefulness of a web-based smart meter was considered to have high utility
by most participants (7 out of 13). The remaining 6 participating households were
evenly split between medium utility and low utility. A high utility correlated most
with households who also had the least increase in energy usage over the experiment.
However, there was one divergent example where one participant related that their
household saw little benefit from the streaming energy meter, and still managed to
keep their energy use on a low level throughout the experiment.
In the interviews there were four discernible energy-use strategies in relation to
the given feedback. The “no strategy” group, where no changes had been made,
was followed by 3 participating households. Another group who said they did not
change their current behavior related that they had already done all they could
do and saw no additional potential with the web-based energy-use feedback. This
“no-potential” group was made up by two of the participating households. One of
the largest groups (5 out of 13) claimed that they saved energy because of raised
awareness and increased knowledge about what effective changes could be. Some
of the individuals in this “effective operation change” strategy group also used the
strategy of lowering base load by turning off appliances in standby mode. This
final “base-load” strategy group were also followed by 5 households, out of which 2
households also followed the effective change in appliance operation. The users who
claimed to have learned were the most effective operation change could be made
correlated with the lowest increase in energy use (3 out of 4 energy conserving
users). However, two users with the same strategy also had a medium and high
increase in energy usage, which weakens this specific correlation.
All except two participants commented on their perception of having a dedicated
display instead or in addition to the web-based interface focused on here in the
experiment. One user criticized the introduction of a dedicated display with the
argument that it would create tension between the inhabitants to have this constant
reminder. However, most users were positive to the idea. Seven out of the thirteen
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stated one or two of the following benefits; that the dedicated display would keep
them more aware since they would not have to log into anything, that abnormal
situations would be more easily detected by having the information present and
that it would work as a stepping stone for using the web-based feedback (where a
more detailed analysis would be supported).
The ability to shift loads were considered to be small by nine households. One
household related that they were flexible with certain devices, while the last four
households could see themselves shift loads if the controlling could be automated.
The answers were evenly split over the users, regardless of how they changed their
energy use over the experiment period.
The final category of replies were related to the users’ perceived concern with
privacy and data protection. With a slight margin (5 out of 13) participants had
considerable issues with the amount of information that could be possible to ex-
tract from a household’s energy-use data. At the other end of the spectrum four
participants explained that they had no concerns about sharing information about
their energy usage. In contrast to the first group they felt that it did not give too
much personal information and that other social services already had more personal
knowledge. Similar to the response category about perceived ability to shift loads,
the privacy concerns were evenly distributed over the all the inhabitants.
5.5 Discussion
Academic research on real-life energy-use behavior that closely follow end-users
information interaction is sparse (Abrahamse et al., 2005). Lab experiments put
participants outside their natural environment, which is crucial for studying energy-
use behavior since it is inherently linked to the own home, particular habits and
routines. The experiment presented here addresses this gap.
In this study we have demonstrated the functionality of a scalable framework to
gather and provide aggregated energy-use feedback. Information and communica-
tions technology and embedded systems have clearly developed to the point that
providing high-resolution data does not necessarily have to be expensive. By study-
ing a sparse implementation of energy-use feedback with a mixed method approach,
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this study suggests aspects of how real-time feedback could have been used, which,
to the author’s knowledge, have not been commented upon by previous research.
This experiment made use of open-source hardware to provide control of the
data acquisition and transfer of data. An energy-use information system was devel-
oped that allowed for real-time energy feedback at a frequency of one value every
eight seconds. The calculated power value was provided graphically to households
through a web-interface. The system received wide interest, and showed poten-
tial for further development with more information features. In order to provide
accountability between real-time energy feedback and its influence on household
dweller’s use of energy this experiment provide a sparse feedback on real-time di-
rect and historic values was given.
The general results from this experiment showed no significant decrease in energy
use. This result is contrary to both Hypothesis 1, which expected an overall saving
from the feedback, and Hypothesis 2, which assumed an increased saving the first
month of the treatment period. As previously mentioned, these results are, however,
similar to other recent experimental findings (Darby et al., 2011; Thuvander et al.,
2012).
To rule out a savings effect more strongly a controlled experiment with random-
ized treatment and control groups would be necessary. This type of study was
outside of the scope of this exploratory experiment. The comparison group used
in this experiment share the same geographical and climate conditions, however,
nothing can be said about their demographic similarities as this was not reported
by the local utility. However, based on the analytical results presented here it is un-
likely that energy-use information would motivate a significant treatment effect - all
other parameters kept constant.A more recent randomized control study emphasize
this claim, by reaching the same conclusion that feedback alone had no significant
effect on energy usage compared to the randomized control Schultz et al. (2015).
In addition to randomized trials, running the experiment over multiple years
also provides some potential comparisons with previous energy-use patterns. In
the experiment presented here the interaction quickly peaked and then sharply
declined over the first month until stabilizing with a few interactions per week
or month depending on the specific household. Focusing on managing attrition
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is a whole research field in its own right. Related to this, 8 explore in an online
experiment how interface design can accommodate efficient complex decisions that
are constrained in reward and time.
Even though the interview provided statements of specific information usage,
it was not always clear from the answers at what time the interface was used.
However, by analyzing the interaction log patterns from using the information
emerge. Hypothesis 3 could not be rejected as the regression analysis (Table 5.5)
resulted in a significant decrease in power load two hours after activity with the
online energy feedback was registered. More analysis of this result is needed to
confirm this effect as there are many factors at play and the explanatory power (R2
adjusted) is limited to slightly more than 13%.
The experimental setup provides a straightforward example of how a system can
be implemented to provide highly detailed user information and logging capabilities.
The experiment was intended to introduce a sparse amount of information features
in order to provide accountability between the results and the real-time feedback
given. By iteratively adding informational features or using different treatment
groups, the individual information formats can be evaluated in more detail.
The study explores a quantitative metric with which new theories and hopefully
a better understanding can be developed. Specifically, how the statistical tools
of multiple linear regression can complement the qualitative interview that is pre-
dominantly used today. In this study, this allowed for a detailed evaluation of the
moment of information interaction. This point in time is particularly important to
understand, as it is also the juncture were the researcher or information provider
has the ability to communicate with the user.
The mixed method approach, which combined the quantitative multiple linear
regression analysis with qualitative interviews, provided rich information to help
explain the patterns found by the treatment. Only relating one side of this analysis
would have left open questions. For example, what the incentives were for a change
that had only been measured or whether or not the interviewers behaved as they
were saying. This study thus provides a practical example of how to combine
research methods to support Kaplan and Duchon (1988, p.583) statement that
“[n]o one method can provide the richness that information systems as a discipline,
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needs for further advance.” This analysis gives valuable insight into some of the
potential distinguishable traits of the households that changed their energy use
compared with the households who remained on the same increasing trajectory as
the control group.
The results show that a low or frugal perceived current energy-use level corre-
lated with the participants who also increased their energy usage the least. One
participant related that they “... had always been careful and always shut off their
lights”. The opposite correlation was found for participants who considered that
their energy use was average or higher related that they “... didn’t really think about
it” or were “... rather wasteful” with their energy usage.
Even more interesting is that the participants who’s energy usage increased the
least also perceived that their knowledge of energy usage was the most limited. The
combination of judging that the current energy usage is low with little previous
knowledge of energy usage in households distinctly defines the users who used the
least amount of energy over the experiment. Future experiments over multiple years
would be needed to evaluate this correlation as these households might have had
similar energy-use patterns in previous years. The size and number of inhabitants
could also influence the impact of the energy-use feedback. For example, fewer
inhabitants means that each has a bigger effect on the household’s total energy
usage. In contrast, several inhabitants might drown the effect of a few active
participants.
The third response category suggests that learning what impact each appliance
have on the energy usage will assist users to limit their energy-use. Similar to a
limited initial knowledge and a perceived frugal energy usage, learning about what
appliance is efficient to target also correlates with the households who increased
their energy usage the least. The users who learned about appliances impact on
their household’s energy usage stated “[w]e tried to see what the appliances looked
on the [online] graph” or they “... looked at what happened when [they] turned off
and on lights and the stove and so on”.
The same group of users also considered that the web-based access to their
energy-use data had a high utility. However, this statement was also common
among users who increased their energy usage more during the experiment. Par-
81
Household Energy-Use Information Experiment
ticipants who focused on shutting off standby operating modes showed a limited
correlation with the actual overall change in energy usage.
The final three interview response categories, which have a more indirect relation
to the energy-use feedback, did not show a direct correlation to the participants’
energy-use behavior. They are included in this discussion as a potential input
for future research and energy-use feedback design decisions. A dedicated display
was sought after by most participants. This would save them from logging in and
provide an indirect alarm when the energy-use would reach abnormal usage levels.
Similarly, most participants related that they would be willing to shift loads in time
if it did not impact their normal routines. For example, washing clothes at night
or automating the control to shift certain appliances was frequently mentioned as
acceptable operational changes.
Users were also asked to talk about their views on data privacy in relation to
energy-use feedback. About one third of the users were not concerned about their
privacy or that someone with access to the energy-use data stream could learn
about their decisions and whereabouts. Indicative for this stance is this quote “...
doesn’t bother me, we have a pretty unregular daily routine”. One third thought it
depended on “... how detailed the transmitted data is” and whether or not it would
outweigh the benefits from saving energy. The last one third had considerable
concerns about their privacy and wanted certification that it would be properly
secured and that reselling energy-use information would be prohibited.
From the correlations presented it seems that direct access to energy-use feedback
will support users with rudimentary knowledge about energy usage and have an
internal drive to take advantage of the supplied information. Long term studies with
direct energy-use feedback is proposed to improve the reliance in these theories.
More advanced feedback that have the ability to grow as the knowledge levels
develops and inspire more knowledgeable users is proposed to counter the main
challenges of engaging participants (higher level of knowledge and the isolation of
energy savers). Much can be learned from existing energy-use feedback systems and
in Chapter 7 the design of a more adaptive system that focus on these challenges
will be presented.
This study confirms that real-time energy-use information in itself has little over-
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all impact on individuals energy usage (Darby et al., 2011; Thuvander et al., 2012).
Thus, it is questionable if the current smart-meter roll out, which could allow for
near real-time feedback (15 minute level), will be able to get users to change their
habits as previously believed (Ehrhardt-Martinez et al., 2010). A wider and more
engaging variety of information has been suggested to elicit a stronger response
(Fischer, 2008), and should therefore be further evaluated.
This discussion highlight several potential ways of providing energy use infor-
mation to support sustainable energy decisions. By interviewing users about their
energy use and measuring this use, this chapter shows that some information leads
to energy saving in its current form while other alternatives need to be more clearly
presented. Instead of analyzing peoples behavior in terms of the saved energy, the
results presented here show the different ways and reasons why users interact with
energy-use information.
The results from evaluating how real-time energy-use information is used have
practical ramifications for the development of energy information. In order to
support the end-user to get this information more easily an enhanced design should
be developed. Ambient feedback is one option, as this allows for temporary events,
like sudden high energy usage, to be unobtrusive and effectively communicated
(Maan et al., 2010). Another more invasive option, which was suggested in one
of the interviews, would be to provide a service that could push specific event
notifications or energy-use summaries to the user by email, a tweet, or text message.
This would relieve the user of having to log in and parse the interface for a particular
point of interest that is easily extracted.
Based on these results the second part of this research study will first analyze
a measuring platform to support a more personal energy-use information service
in Chapter 6 and provide a first iteration of the informational services’ design in
Chapter 7. Inevitably, using Green IS to provide support for more informed energy
use will offer a clearer incentive to the user to use energy efficiently. In this context
it is important to remember that a “[s]imple design that doesn’t overwhelm the
consumer with too much information but does require consumer participation is key”
(Ehrhardt-Martinez et al., 2010, p.35). To understand the balance of information
detail and information overload, Chapter 8 analyses how information feedback can
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The previous part of this thesis analyzed how the change from analog energy-meters,
which have to be read manually, to digital “smart-meters” would affect a certain
group of residential users. The change in measurement frequency that this change
is substantial, going from once every year to at least a 15-minute resolution (ESMA,
2010). However, as was clear from the presented field experiment and its related
literature, the result of more up-to-date information show little or now impact on
a household’s energy usage (Darby, 2010a; Ehrhardt-Martinez et al., 2010). As
discussed in Chapter 5, users are better able to use energy more efficiently if they
understand their energy usage on an appliance or user level, which is not possible
with household-level energy-use data.
Measuring more often with a higher frequency or by using distributed sensors
provides even more detail of a given signal. This way, more subtle changes can be
detected and evaluated, which users already tried to extract from the aggregated
energy-use information. To separate single appliances among noise and several
other appliances with the central measuring approach, research laboratories are
currently analyzing values on a resolution of up to 100 million data points per sec-
ond (Patel et al., 2007). By measuring with such high frequency, Switched Mode
Power Supplies (SMPS) that alternate the power output over 10 thousand times
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per second, can be detected. SMPS are interesting as they are becoming common
in consumer devices and by measuring their noise characteristics an additional sig-
nature is provided. However, at these sample-rates more sophisticated and costly
hardware is needed. For example Nunes et al. (2011) and Patel et al. (2007) both
use personal computers in their disaggregation experiments, which would be pro-
hibitively costly to scale to a general household level (Zeifman and Roth, 2011).
The second alternative, with distributed sensors, which was introduced in Chap-
ter 3, Section 3.1.3, appliance information is given with minimal interference. By
using similar methods to appliance disaggregation, it is therefore possible to go
further and also disaggregate appliance operation patterns.
To scale both of these solutions it is necessary to understand the measurement
accuracy requirements for the disaggregation result. The main goal of this chapter
is, therefore, to analyze how measurement sample-rate influences the ability to
disaggregate appliances and operation modes with the commonly used appliance
load features in previous literature. Since most previous methods of disaggregation
deal with appliance-level disaggregation, this will also be the main focus of this
chapter. Aggregated household energy-use data is more noisy and complex to
analyze, which means that the description of these methods will also be applicable
for disaggregating operating modes from appliance-level measurements.
This chapter is based on the published article Dalén and Weinhardt (2014) and
the submitted and revised article Dalén and Krämer (2014b). The related work
in the next section gives a brief introduction to the topic of appliance disaggrega-
tion and then describes some of the general concepts. Based on these concepts, an
experiment model will be developed in MATLAB to parse and evaluate the lab-
oratory energy data. After presenting the results from the analysis, the findings
will then be discussed as well as their potential ramifications on future smart-meter
developments.
6.2 System Design Properties
As introduced in Chapter 3, Section 3.1.2, Hart (1992) first implemented a platform
for distinguishing patterns of distinct loads and appliances in households in the late
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Figure 6.1: General overview of an event-based framework for household measure-
ments and the following appliance and operation mode disaggregation steps.
eighties. The patented system used embedded electronics to measure and analyze
the load patterns at a central point (the electrical mains power line). Since then,
several alternatives with the same goal of disaggregating single load features and
individual appliances have been presented.
The frameworks used by the different proposed systems all follow a general pat-
tern (Du et al., 2010). Figure 6.1 gives a graphical overview of the general process
of sensing, extracting and recognizing appliance loads and operating modes. First,
the load is measured over the cycles of alternating current and voltage, which are
digitized for further processing. This step will be introduced in Section 6.2.1 and
cover the current range of methods of sensing appliances. Second, the data is then
analyzed for changes that signify a load event. This is, for example, when an appli-
ance is turned on or off, or when the appliance changes its state automatically. The
event detection will be explained further in Section 6.2.2. Third, when an event
has been detected, the data around this point is evaluated to extract and compare
specific load features. A range of known appliance features will be presented in
Section 6.2.3 to provide some background for the design of this study’s analysis.
Fourth, the calculated features are then compared to known appliance features to
single out individual appliances in Section 6.2.4. Finally, in Section 6.2.5, the sys-
tems related to eliciting energy-use behavior and recognizing appliance operating
settings based will be presented.
6.2.1 Data Acquisition
The flow of alternating current (AC) electricity can be sensed either directly inline
with the electricity flow or indirectly through its magnetic fields, as explained in
Chapter 4, Section 4.2.1. The number of different loads that could potentially be
included depends on where in the tree-like electrical circuit structure of a household
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the AC is measured. To monitor a whole household either a few sensors could be
given a central location or multiple sensors need to be distributed throughout the
house (Gupta et al., 2010).
Multipoint sensing is normally located at the connection between the fixed house-
hold outlets and the appliances. University campus laboratory facilities are nor-
mally equipped with this kind of sensors to collect measurements that represent the
individual appliances (Reiner et al., 2010). The data from the distributed sensors
is well suited as training data for evaluating different methods of central appliance
load disaggregation. This study will use a publicly available dataset from such a
facility in Pittsburg, USA (Anderson et al., 2012). The use of a public dataset re-
flects this study’s goal to enable a more cumulative research development, as other
research teams can more easily verify, compare and extend their analyses based on
this openly available dataset.
Measuring at several points throughout a house is more invasive and more expen-
sive than the option of using a central measuring point. The potential of applying
more sophisticated software instead of more hardware is a major motivation for
focusing on a central solution (Zeifman, 2012). A single-point sensor is most often
placed at the electrical mains, by the fusebox or electricity meter. However, de-
pending on the features that are measured, other placements are also possible (Patel
et al., 2007). While the central location of single point sensing is often convenient,
the measurements can be influenced by other connected loads or the electrical wire
infrastructure (Gupta et al., 2010; Dalen and Weinhardt, 2012).
Apart from the amount of hardware necessary for the system, the factor that im-
pacts the cost, and thus the scalability of an appliance load disaggregation system,
is the data sample-rate with which the electricity flow is measured. The sample-
rate is generally divided into a macro and a micro level (Zeifman and Roth, 2011).
In the macro category of disaggregation studies the sample-rate range from 1 data
point per second (1Hz) (Hart, 1992), to 1 data point every 16 seconds (0.0625Hz)
(Farinaccio and Zmeureanu, 1999). There is also research on disaggregating data
on a 15-minute basis (Baranski and Voss, 2003). However, this is done “offline”
by parsing the data multiple times and is therefore not suitable for direct feedback
implementations, which this study focuses on.
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At the micro frequency level, with more frequent measuring than once per sec-
ond, additional information about the measured appliances’ load characteristics is
provided. The studies in this category range from a data sample-rate of a few
kHz (Saitoh et al., 2008; Laughman et al., 2003) to 100MHz (Patel et al., 2007).
The publicly available dataset that this study is based on has a sample-rate of
12kHz (Anderson et al., 2012). This data thus allows for an exploration of both
highly detailed features and, by downscaling the data, comparative data for lower
frequencies.
6.2.2 Event Detection
The event detection is an optional step depending on the subsequent method of
analyzing the data. For example, an artificial neural network method analyzes the
most likely combination of appliances for each evaluated dataset (Srinivasan et al.,
2006). This method does not wait until a change has occurred and will therefore
simply confirm that the same appliances are running if no change has been made.
With this method no assumptions need to be made about individual appliance
events. The downside of using non-event based methods, is that all combinations
of potential appliances are needed for the analysis. This makes it challenging for
the non-event approach to scale beyond 20 individual appliances (Zeifman, 2012).
The “building level fully labeled event based dataset” (BLUED) used in this study
is based on individual appliance events. The event detection allows for focused
analysis around certain points of interest, signified by the events (Norford and Leeb,
1996). Being able to parse the data in defined sample windows has the added benefit
of limiting the number of appliance “finger prints” that need to be stored, since
theoretically no combinations of appliances will be evaluated. Naturally frequently
occurring events from a combination of appliances can also be stored for recognition.
This study will not use an event detection step as the primary focus is on the
feature matching step and as the event detection has already been well described
by the authors behind the BLUED (Anderson et al., 2012). However, a brief ex-
planation of their design is included here for completeness. Their event detector
method is based on the well-established General Likelihood Ratio (GLR), which
can detect changes in signals as they pass through the filter “online” (Basseville
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and Nikiforov, 1993). The online aspect is important for creating a responsive sys-
tem. The specific event detection design follows the GLR implementation described
by Luo et al. (2002), with the addition of a power change threshold proposed by
Berges et al. (2011).
The GLR works on a sample set of incoming data. This sample set is divided
into two smaller sample windows around the data point that is being analyzed
for a potential event. First, a threshold change in power use of 30W is analyzed
through subtracting the two sample windows. The 30W limit was considered by
Berges et al. (2011) to be a good balance between detecting events while removing
much of the falsely labeled noise as events. The same threshold was later used
by Anderson et al. (2012) when parsing the BLUED. Second, a likelihood ratio is
computed on the data that is above the threshold of power change, or otherwise
set to zero. Third, the results from the likelihood ratio test are summed up into
a test statistic. In the fourth step, the data point with the highest test statistic
receives a vote, signifying the most probably event point. Finally the whole sample
set is shifted to include new data points, which through the same procedure adds
another vote to the most likely event point in the set. When a certain point has
received enough votes, the sample set of data for that event is extracted and the
specific features are calculated. The current methods for the feature extraction will
be reviewed in the next section.
6.2.3 Feature Extraction
The measured voltage and current has several layers of information or features that
reflect certain characteristics of the appliances (Liang et al., 2010a; Ito et al., 2004).
In this section, the different features that have been used in related research will
be presented. These features will be used in this study’s matching step.
The most well-known feature of any appliance is its real power, which is the
average of the product of multiplying the supplied instantaneous voltage and cur-
rent. Purely resistive loads, for example electrical heating elements or incandescent
lights, use real power. By evaluating the real power of an appliance operating
modes it can be singled out if it has a stable and large power use. However, many
appliances vary and overlap in this feature, which makes it necessary to provide
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more dimensions to the solution space (Laughman et al., 2003). For modern ap-
pliances with rectifiers and pulse-width-modulation or appliances with motors, the
load creates a mismatch between the current and voltage sine waves. This results
in a reactive power. By combining the real power (P) and the reactive power (Q),
each appliance can be placed in two dimensions. Having two distinguishing char-
acteristics assists in detecting unique appliances. The so-called PQ feature was,
until recently, frequently the only feature used in appliance disaggregation research
(Hart, 1992; Berges et al., 2009; Cole and Albicki, 1998). One common critique
of the PQ feature is that it requires distinct power levels to recognize appliances’
state changes. Dimmable lights or computers, which ramp the CPU up or down
depending on current demand, are hard to detect with the PQ feature (Laughman
et al., 2003). Furthermore, the variability of some appliances’ normal operation
overshadows a whole range of devices. For example, an office lamp, which use little
power is difficult to detect with the PQ feature when it is running in parallel to a
kettle, which has a variable steady-state power use (Weiss et al., 2012).
One approach to distinguishing appliances that overlap within the PQ feature
was suggested by Norford and Leeb (1996). These researchers found that even
though the startup of different appliances reached similar power levels, the shape
of how the appliances transitioned between the states was different. For example,
a fluorescent light and an induction motor can both reach 400W power surge at
the moment they were switched on. However, the power transient of the motor
falls slowly, due to inertia, while the fluorescent light’s power transient falls more
abruptly. The so called “Switching Transient Waveform” (STW) (Norford and
Leeb, 1996), was used by Berges et al. (2011) to disaggregate appliances with a
correct classification result of 82%.
While the STW feature focuses on appliance characteristics at times of state
change, appliances can also be identified from their signal form at a steady-state
as well. Both the Instantaneous Power Waveform (IPW) and the Instantaneous
Admittance Waveform (IAW) are examples of these kinds of features. The IPW
uses the instantaneous power over time to describe the shape, while the IAW uses
the instantaneous admittance (current divided by voltage) over time. Both features
have been used quite successfully with between 70 and 80% appliance detection
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accuracy (Liang et al., 2010b).
The activity of an appliance can also be described without using voltage. For
example, the “Current Waveform” (CW) feature is describing the altered sinusoidal
curve of the current measurement. The CW feature has received mixed reception
by the research community: one team claims it to be a distinct appliance feature
(Lee et al., 2004), while another criticizes it for being too similar across different
appliances (Zeifman and Roth, 2011). In disaggregation tests the CW feature has
been equally successful as the IPW and IAW features, with around 75% detection
rate (Liang et al., 2010b). At much higher measurement frequencies and by limiting
the tested appliances to seven distinct ones 97% were found using the CW feature
(Suzuki et al., 2008). However, in the same study comparisons with 15 appliances
were made and subsequently the detection rate fell to a little more than 60%. Cur-
rent specific metrics neglect the voltage and evaluate the peak current (Ipeak) and
the root-mean-square current (Irms) features (Saitoh et al., 2008). These two fea-
tures were reported to have a detection rate of 80% among 94 appliances. However,
the experimental design and whether or not appliances had overlapping times of
operation was not reported.
The final feature reviewed is increasing in popularity and is based on the har-
monics (H) of the current measurements. The harmonics are multiples of the fun-
damental frequency (either 50Hz or 60Hz depending on the country) and are di-
rectly related to an appliance operation, particularly for semiconductors and power
converters (Arrillaga and Watson, 2003). Fast Fourier analysis can analyze an ap-
pliance’s harmonics in the frequency domain and with its information many over-
lapping appliances in the traditional PQ feature can now be separated Laughman
et al. (2003). Harmonics have also been used as a separate feature successfully. For
example Srinivasan et al. (2006) managed to detect 60-100% of the 8 appliances
they were experimenting with.
The harmonics feature is limited by the available measurement frequency, as
each higher harmonic requires the fundamental frequency multiplied by an addi-
tional integer. Furthermore, to recreate a signal, at least double the measurement
bandwidth is needed according to the sampling theorem. This means that the
measurement frequency must be at least double that of the harmonic level in fo-
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cus. In practice this is not a problem as harmonics above the 11th are in most
cases neglected (Zeifman and Roth, 2011). The 11th harmonic level could thus
theoretically be evaluated at a sample-rate beginning at 1320Hz (1100Hz) for a
fundamental frequency of 60Hz (50Hz).
Features that will not be included in this study’s evaluation are the electrical noise
feature (Patel et al., 2007), electromagnetic interference feature (Gupta et al., 2010)
or features that are based solely on voltage (Ruzzelli et al., 2010). The first two
features (electrical noise and interference) are not considered in this paper since
the necessary measurement frequency to detect them calls for sophisticated and
costly hardware (Zeifman, 2012). Additionally, the first method is path sensitive,
which means that appliance noise is different depending on where the appliance
is installed in the building (Patel et al., 2007). Thus, if the appliance changes
location, its outputted noise also changes. The second feature has a narrow focus
and is specific to appliances with a switch mode power supply (SMPS). These
SMPS are becoming more prevalent but still exclude several household appliances
(Gupta et al., 2010). Pure voltage features in buildings have only been suggested
in a study by Ruzzelli et al. (2010) are not commonly studied in research. Cox
et al. (2007) suggested that voltage could be used as a feature in confined spaces
like ships, however this environment is different to most building where voltage is
actively managed in the network and kept within narrow tolerance limits.
6.2.4 Appliance Identification
Based on the features derived from power and current the process of identifying
individual appliances can begin. In this section the current theoretical concepts of
appliance matching and how they relate to presented features will be reviewed. A
brief overview of the identification algorithms will be given last.
Hart (1992) defined three broad classes of appliances: binary state appliances,
finite-state appliances and infinite-state appliances. The binary state appliances
are, for example, normal lights that are simply turned on and off. Depending
on the power levels between which these appliances switch, and on what other
appliances are running in parallel, binary state appliances can be detected with all
the features presented in Section 6.2.3.
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The finite-state appliance can be thought of as a collection of binary state ap-
pliances that work consecutively or in parallel to produce the expected service. A
washing machine is a good example that contains a binary state valve to let water
into the machine, a binary state heating coil to warm the water, a motor capable at
running at different binary states for the wash and spin cycles and finally a binary
state pump to eject the used water. For an appliance identifier, all the different
possible states that the appliance can assume must be known, which is similar to
any binary state appliance. However, since many finite-state appliances follow a
predetermined path through a given program, the search space for the next event
can be made relatively narrow (Hart, 1992).
Infinite-state appliances lack distinct states and are therefore not detectable by
the normal event filter that evaluates sudden changes. Even if an infinite-state
appliance would be detected, it would be challenging to build a database with
which to match the recognized state.
A fourth class of single state appliances was later added by Baranski and Voss
(2003). These types of appliances use a constant power and are never switched
off. For example, aquarium pumps, electrical mains connected clocks and smoke
detectors would fall into this category. These single state appliances do not produce
any events, as they do not change states. To recognize this kind of appliances other
non-event based methods that use the aggregated data for the analysis like neural
networks must be used (Srinivasan et al., 2006).
The process of identifying an appliance from a feature or a set of features follows
either an optimization method or a pattern recognition method (Zoha et al., 2012).
The optimization method uses a certain algorithm to minimize the difference of
already-known appliance features and the measured ones. Commonly used opti-
mization algorithms are the least square (Liang et al., 2010a; Beckel et al., 2012),
dynamic programming (Baranski and Voss, 2004) and integer quadratic program-
ming (Suzuki et al., 2008). The pattern recognition, in contrast, commonly use
a training set of several combined appliances that is then compared against the
measured aggregated signal of active appliances according to a specific approach.
Currently used approaches are the Naïve Bayes (Berges et al., 2011; Chahine et al.,
2011) k-nearest neighbor (Berges et al., 2011; Weiss et al., 2012) and artificial neural
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networks (ANN) (Liang et al., 2010b; Ruzzelli et al., 2010).
This study will focus on the optimization method of least squares as it lends itself
well to event-based detection, which is scalable over several appliances. This last
criterion is important for a solution that has to support several households and a
large set of different appliance states (Zeifman, 2012).
6.2.5 User Operation Identification
User behavior and the impact of choosing certain modes of operation has been the
research focus of some specific appliances. For example, McCalley and Midden
(2002) measures washing machines to evaluate how goal setting can influence user
behavior. Furthermore, energy advice for specific appliances like refrigerators, TVs
and computers is evaluated in a serious game setting (Gamberini et al., 2012).
In these studies single outlet sensors have been used to measure the appliance’s
energy use, while the setting has been noted by the experimenter. There are discus-
sions of how specific user behaviors could be extracted from aggregated household
data, and even how user information can be anonymized from such algorithms
(Efthymiou and Kalogridis, 2010). However, central disaggregation techniques are
currently not reliably generalizable beyond laboratory environments (Liang et al.,
2010a; Carrie Armel et al., 2013), which is why this study will provide user-level
energy-use information through outlet sensors. This way, the appliance event is
bypassed in order to focus on the appliance-setting disaggregation. When the cen-
tral measurement technique is successful, this approach could save the need for
sensitizing single objects.
Manually marking every chosen appliance settings, as the previous studies did,
was considered to labor intensive and not be appropriate for a energy use informa-
tion system for households. Therefore, key distinguishing patterns of an appliance’s
different operating modes were defined and then compared against the running ap-
pliance.
The appliances’ settings were divided into length and height patterns. A length
pattern is significant for appliances that regulates its operation by switching on
its specific load for a specific amount of time, depending on the chosen setting. A
washing machine, which is used to test the system in this study, is an example of
97
Appliance Energy-Meter Engineering
an appliance with length distinguishable patterns. In contrast, the height pattern
manifests itself in appliances that control their load at different levels. A hairdryer,
for example, uses separate heating coils as voltage dividers to increase or decrease
the voltage, and therefore have distinguishable load levels.
6.3 Experiment Model
This section will detail the implemented system to evaluate the impact of data
sample-rate on disaggregation accuracy. First the dataset will be introduced fol-
lowed by an explanation of the different treatments. Second, the experimental
framework, which is based on the reviewed literature, will be presented.
6.3.1 Public Energy Use Dataset
So far, most published implementations of appliance recognition have been highly
successful, with between 60 and 95% rate of detection (Zoha et al., 2012). However,
this research has been done with specific datasets that have been exclusive to each
research team. This has made it difficult to quantify the value of the additional
hardware and software solutions between the studies (Zoha et al., 2012). Therefore,
large datasets from detailed measurements have been made public in recent years.
Most notably are the REDD and the BLUED dataset that provide open access and
thus the ability to verify approaches between studies and research teams (Anderson
et al., 2012; Kolter and Johnson, 2011).
The BLUED is an analogue version of the Reference Energy Disaggregation
Dataset (REDD) that was made publically available by Kolter and Johnson (2011).
The current and voltage measurements are gathered at the circuit panel in the
single-family residential building. The current transformer sensors were attached
to the two phases A and B, which supply the household with energy. These two
power lines physically divide the measured appliances in two datasets that is also
kept in the evaluation. The BLUED, as the name implies, is additionally labeled
according to the appliances’ events, which was made possible by plug-level and
environmental sensors. This setup is shown in Figure 6.2 and allows for a ground
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truth for the event based analyses. Thirty-one different appliances are recorded (8
on phase A and 23 on phase B) and span a power usage between 15W (kitchen light)
to 1600W (hair dryer). The data was accumulated over a week at a sample-rate of
12kHz and take up 307 GB of computer storage space when uncompressed. The
appliances were labeled through a system of environmental sensors and circuit level
meters. 95% of the appliances were thus labeled, while the final 5% were labeled
as “unknown” (Anderson et al., 2012).
To keep the integrity of the data, the treatments of different sample-rate levels is
scaled in integer steps by removing data points from the dataset. Thus, the specific
treatments that will be in focus are 12kHz, 6kHz, 4kHz, and so on down to 100Hz.
This means that the frequency will be more detailed as the time in between data
points becomes longer. Other potential methods of creating a more even down
sampling would be to use a statistical average over a number of data points and
interpolate the desired data point. Interpolation was not chosen because of the
artifacts that this would introduce.
6.3.2 Experimental Design
The steps of a disaggregation framework were introduced in the related works (Sec-
tion 6.2) and are visualized in Figure 6.1. Based on this framework, the specific
setup for this experiment will be detailed. In general, the focus has been on creat-
ing a system that can handle a variety of sample frequencies and the algorithmic
solutions have been chosen to support an online disaggregation and embeddable
hardware. However, it should be noted that the simulation in this study uses a
normal PC to parse the BLUED and the appliance specific dataset offline to make
the evaluation process more efficient.
As previously mentioned the step of the event detection will not be considered
here. Anderson et al. (2012) results (which is also the group behind the BLUED)
show 49-78% event detection accuracy when focusing on the number of appliances
and 74-80% detection accuracy when focusing on the total detected power. The
second step, of feature extraction, was based on the BLUED labeled event data.
The disaggregation accuracy was evaluated based on the different features pre-
sented in the related work (Section 6.2.3) and the specific sample-rate treatment.
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The comparison between the measured features and the ones stored as known in
a database was done using a 4-fold cross validation. This means that one part of
the dataset was used as completely known labeled data used to create the load
signature database (LSDB). The other three parts were treated as unknown trial
data, which were matched against the LSDB. These two steps in the analysis are
shown in Figure 6.3.
To match a feature against the known labeled features the least residue approach
is used for features detailing brief events like the PQ, Imax or Ipeak, while the fea-
tures based on a shape are evaluated through cross-correlation. The least residue
method is an optimization algorithm that minimizes the squared difference (resid-
ual) between the features of the found event against known appliance features.
The cross-correlation on the other hand compares two time-series by running one
of them over the other. This way, an exact timing of the feature between the two
time-series is not necessary for matching the waveform, as every phase shift in the
given range will be evaluated (Figueiredo et al., 2011).
In the previous literature several metrics for determining disaggregation accuracy
has been used. Hart (1992) and (Anderson et al., 2012), for example, used a disag-
gregation definition based on the total amount of power that was correctly found.
Although this metric is beneficial for developing methods for extracting the appli-
ances with the highest power usage, it might not correlate with the appliances that
the user would be willing to operate in a different and more sustainable way. This
study, therefore, follows Liang et al. (2010b) method, which was recommended in
a review of current disaggregation methods by (Zeifman and Roth, 2011). This ac-
curacy metric is calculated as the factor between the total number of disaggregated
appliances and the total number of labeled events.
6.3.3 User Behavior Data
To evaluate certain energy behavior through appliance settings certain key section
of the appliance load over a running cycle has to be extracted. Following the related
studies that also focused on user energy behaviors (McCalley and Midden, 2002;
Gamberini et al., 2012), outlet sensors were used for this analysis. This dataset is
similar to the ground truth data in the BLUED project (Anderson et al., 2012), and
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could become an extension of the traditional appliance disaggregation procedure
presented above.
The operation mode disaggregation algorithm is based on a simple form of the
Kirchhoff’s law state model that was envisioned by Hart (1992). The basic premise
is that every appliance returns to the original state through a program of a finite
number of states. This model allowed us to analyze when a program was over,
where the appliances power load went back to the starting point, and to compare
the duration and peaks of specific states of different programs to distinguish between
them.
An appliance cycling counter process the return to the initial off state and a
minimum predetermined length of time, as the mark of a finished cycle. In the case
of the washing machine, a 5 Watt power use change from the initial steady-state
was used as the threshold to register the start and stop of the appliance, in order
not to start measuring at spurious moments. The cycle start and stop naturally
also framed the total amount of energy used.
6.4 Results
6.4.1 Appliance Disaggregation
By benchmarking the results against a related study, which also has evaluated
several different methods against each other, a sense of the implementation of the
algorithms can be captured. It is natural that the results deviate as the underlying
data of this study is based on the publicly available BLUED, while it previously has
been done on exclusive research team data (Liang et al., 2010b). In Table 6.1 the
results can be seen from this benchmark. This study uses a lower detection limit of
30W instead of Liang et al. (2010b) 100W. A comparable higher limit is therefore
provided for direct comparison and shows that the current study’s implementation
of the feature matching is comparable to the results from previous literature.
The main goal of the study is to analyze the impact of data sample-rate on disag-
gregation accuracy. Here below are the results from scaling the sample-rate down.
The average disaggregation accuracy of the single-family household’s Phase A show
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Figure 6.2: BLUED setup for data and ground truth collection (Anderson et al.,
2012).
Table 6.1: Load disaggregation accuracy comparison between this study and the
results of Liang et al. (2010b).
Appliance disaggregation accuracy
Threshold P >30 W P >100 W P >100 W





PQ 86.51% 60.82% 89.80% 81.52% 75-80%
CW 72.57% 42.62% 88.16% 48.60% 80-85%
IAW 61.67% 18.13% 80.62% 36.58% 75-80%
IPW 69.66% 29.69% 83.68% 48.34% 75-80%
H 81.71% 72.78% 90.03% 83.36% 65-70%
102
6.4 Results
Figure 6.3: Four-fold cross-validation datasets, with one part known to build load
signature database (LSDB) and three unknown parts for evaluating the appliance
disaggregation accuracy.
a quite consistent detection-rate between 12kHz and 100Hz, which is visualized in
Figure 6.4. The standard error over the different features and validation runs are
between 0.2 and 3.3%.
The PQ feature provides the best results and stays above 85% for sample-rates
above 1.5kHz. The harmonics feature show similar results for the higher sample-
rates but proves to be more sensitive to a lower sample-rate as it drops from a
80% to a 70% detection accuracy when the sample-rate is changed from 4kHz to
3kHz. The features based on current (Ipeak and Imax) and waveforms (IAW, IPW,
CW) all show no or only a slight decline in detection accuracy between 70% and
60%. Phase B is more sensitive to downscaling the data sample-rates than Phase
A, which can be seen in Figure 6.5. It also has a higher standard error from 1.2 to
6.6% over the validation runs.
In Phase B, the harmonics feature showed the best disaggregation result for the
highest sample-rate. This feature, however, drops off rapidly and falls below the
PQ feature after 4 kHz. The PQ feature is more stable at appliance detection over
different sample-rates. However, below 1.5kHz it also drops substantially. Similar
to Phase A, the current (Imax and Ipeak) and waveform (STW, CW, IAW and
IPW) features performed worse in terms of disaggregation accuracy and were also
more stable over the data rate downscaling than the PQ and H features. Overall
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Figure 6.4: Disaggregation accuracy for tested features over different sampling rates
on Phase A
these features drop at most 20% of detection accuracy (from 40% to 20% for CW)
between 12kHz and 100Hz sample-rate.
6.4.2 User Operation Mode Disaggregation
In the operation mode analysis, the washing machine program load signature was
determined to be the initial heating period in the beginning of the program, which
is the initial energy spike period marked in Figure 6.6. This duration parameter
could successfully sort all 55 of the 60 ◦C and 40 ◦C programs tested in this study.
6.5 Discussion
The disaggregation of individual appliances has developed much over the last few
years. More precise measurement technology is used (Gupta et al., 2010), and
several sophisticated methods have been applied (Liang et al., 2010b). However,
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Figure 6.5: Disaggregation accuracy for tested features over different sampling rates
on Phase B.
Figure 6.6: Disaggregated states for a washing machine, showing the heating power
surges used for setting determination marked. With the area below the graph
representing the energy used during a certain time-span
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beyond the complexities of singling out appliances among similar ones, scaling these
solutions for general use in households has not been evaluated.
This chapter presented a centralized and a decentralized system to disaggregate
appliances and appliance’s operating modes respectively. The disaggregation algo-
rithms were trained and tested for accuracy, which proved trivial for decentralized
operating mode identification, even at measurements of 1Hz. This result is directly
related to the distributed sensors and their clear measurement signal. The influence
of data sample-rate on disaggregation accuracy, which is one of the main param-
eters for choosing the necessary sensor hardware is, therefore, primarily discussed
in this section with a focus on appliance disaggregation.
The detection accuracy of the appliance disaggregation was negatively affected
by lowering the sample-rate, as expected. Phase A proved more robust than Phase
B. The more stable impact over different sample-rates is due to the underlying
appliances supplied by the two phases. First of all, the number of appliances are
fewer, 8 compared to Phase B’s 23 individual appliances. Second, one of Phase
A’s 8 appliances is dominant in terms of events (the refrigerator), which is also
recognizable with all tested features.
Overall, the PQ and the harmonics features showed the best results, the higher
the data sample-rates were, on both phases in the BLUE Dataset. These results
are comparable to the ones found by (Liang et al., 2010b), who compared different
features under a given sample-rate. Contrary to our findings however, Liang et al.
(2010b) found that the waveform features (CW, IAW, IPW) were superior to the
harmonics feature. This could be explained by the difference in the underlying
data or the parameterization of the feature extraction algorithms. The difference
in used data has been an inhibiting factor for comparing results between studies
and this is why this study has elected to use the publicly available dataset provided
by (Anderson et al., 2012).
An important result from this study is that the features proved to be robust
over quite a range of down sampling. The PQ feature, for example, started its
decline around 1.5kHz and the harmonics feature was negligibly affected by the
lower sample-rate until 4kHz on Phase A and 6kHz on Phase B. This implies that
disaggregation systems can be designed in the range between 1.5-6kHz and still be
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expected to accurately detect appliances comparable to other similar studies Liang
et al. (2010b).
The most stable over all data samples were the STW and IAW features. Im-
proving the accuracy of these features by using different parameters or alternative
analysis methods than the cross-correlation used in this study would be interesting
points for further research.
The user-level or appliance-operation-mode disaggregation was analyzed with a
dataset of washing-machine measurements. The distinct heating period proved to
be trivial to recognize. The result of this method will, however, depend on the
appliance in use. For example, appliances with more granular settings like a stove
top might have to be clustered into specific settings. Furthermore, fast switching
appliances might be more difficult to define by length and height, as these can
remain the same when measuring below the switching frequency. Measuring more
often would thus handle this but it would negate the benefit of simpler hardware
for decentralized sensing.
Research of information on user’s operation of appliances is so far limited. The
authors McCalley and Midden (2002), who explored energy behavior information
pertaining to washing clothes, is perhaps the most well known exception (Abra-
hamse et al., 2005). Literature on operating mode disaggregation has only been
found for commercial air condition installments (Luo et al., 2002). Compiling a
database of appliances and their operating modes is, therefore, a first step to de-
velop disaggregation of general appliances’ operating modes further. In the next
Chapter 7, such a database is exemplified.
Although the techniques for disaggregating appliances and their operating mode
are similar, the appliance-level and user-level evaluations used different measure-
ment technologies and data. The research presented here provide the first con-
siderations for building a disaggregation system for appliance- and user-operation
data. Future research could develop the algorithms for user-behavior disaggrega-
tion further based on aggregated household data and methods for sharing these






The use of smart-meter technology greatly facilitates the collection and exchange
of information about private households’ energy usage. In principle, this informa-
tion could be used to make energy users aware of their household’s electricity use
patterns and, thereby, induce more sustainable energy use choices (Mattle et al.,
2011). Unfortunately, in practice unfamiliarity with the provided technical infor-
mation, information overload, and lack of a means to interpret current electricity
usage make it difficult for the end user to develop a concrete plan of action.
As discussed in Chapter 5, direct household level energy-use information is not
enough to elicit a significant and persistent energy-saving behavior over a general
population. Specific traits like few household inhabitants that focus on learning
what appliance is most effective to target defined the participants who increased
their energy usage the least in the experiment. More tailored information was con-
cluded to be necessary to support users with different backgrounds and levels of
knowledge and interest. After an evaluation of the challenges that the experimen-
tal participants have with adopting and using the current energy-use information
design, Wallenborn et al. (2011), came to a similar conclusion, and recommend
researchers to integrate the users in the design process. Furthermore, embracing a
user-centric design has been suggested as critical for “the migration of electricity
users to the demand response world” (Honebein et al., 2009, p. 39). However, to
the best of the authors knowledge, no study has specifically designed energy-use
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information based on a user-centered paradigm.
The objective of this chapter is therefore to propose the design of an energy-
use feedback system that provides personalized information on effective energy-use
choices. The research presented in this chapter has been submitted for publication
in the Business and Information Systems Engineering (BISE) journal (Dalén and
Krämer, 2014b).
The design science methodology is applied to identify the requirements from the
user’s perspective for such a system and to develop the main design principles,
which will be the basis for developing a first instantiation of the system (Hevner
et al., 2004; Peffers et al., 2007). This methodology framework assists research of
design theory that is prescriptive, practical and a basis for action (Baskerville and
Pries-Heje, 2010). Additionally, the structure of design science also strengthens the
potential for cumulative development of the artifact (Gregor and Jones, 2007).
The remainder of this chapter is structured as follows. First, design requirements
for supporting sustainable action will be identified. Next, the design principles
that detail the practical implementation of the requirements are described. Sub-
sequently, the function of the energy-use information system will be demonstrated
and evaluated. In closing, the artifact’s implications, the study’s limitations and
future directions will be discussed.
7.2 Design Requirements
Developing a user-centered design is a well defined process, which involves the
user throughout. The standardization of the processes has gone through multiple
iterations and is currently covered under the international standard ISO 9241-210
“Human centered design for interactive systems” (ISO, 2010). In this study we
have chosen to use the more common term “user-centered” to describe this process,
however, we do recognize the need to integrate the wider population affected by
the interactive system implicated by the “human” label used in the standard.
The six core principles of user-centric design are that: 1) the design is based
upon an explicit understanding of users, tasks and environments, 2) users are in-
volved throughout the process, 3) the design is driven and refined by user-centered
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evaluation, 4) the process is iterative, 5) the design addresses the whole user ex-
perience and 6) the design team includes multidisciplinary skills and perspectives.
Design development is a continuous process and this study focuses on the first it-
erative step. More specifically, this study will use users’ input from several months
experience with energy use feedback technology and lead to a new set of design
directives.
7.2.1 Design Process Entry Point
As explained in the fundamentals Chapter 3, Section 3.3.2, the entry point for initi-
ating an design iteration of an IT artifact is given from the specific situation, avail-
able knowledge and available engineering utilities (Hevner and Chatterjee, 2010;
Peffers et al., 2007).
To adhere to the principle of user-involvement in the design process and in order
to get a complete picture of the user’s situation and utility of energy use informa-
tion, this study’s requirements are based on experiments and qualitative interviews
of users’ experiences from having direct access to their energy use information.
Thus, by basing this design approach on user’s statements, which is fundamental
in user-centered design, this study follows, what Peffers et al. (2007) call a “client
initiated project”, where the design and development of a proof-of-concept instan-
tiation is based on studies of users own interaction with previous artifact versions.
7.2.2 Client Initiated Requirements
One source of user inputs is the semi-structured interview with 13 participants who
took part in the field experiment analyzing the use of web-based energy use infor-
mation. The information was provided as direct and indirect power-use feedback
over three months. The interview questions covered the topics of energy awareness,
flexible energy-use and privacy. For a more detailed description of the interview
process see Chapter 5, Section 5.3.4.
While the interview results were used specifically in comparison to the measured
qualitative result in Chapter 5, this chapter will use the responses more broadly to
define the design path for a user-centered energy-use information system. The final
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step of performing an interview analysis based on grounded theory is to compare
the interview results in light of related literature and experiments to find common-
alities and differences that can further the knowledge base (Strauss and Corbin,
1998). This action correlates well with the practice of developing design science
requirements, which also should be applicable beyond the individual situation but
rather to the whole class of artifacts (Gregor and Jones, 2007). In this study this
amounts to studying related experiences with energy-use information and compar-
ing qualitative findings to them.
The first major process the users in the experiment of household level energy-use
information undertook was most often to learn or confirm the levels of energy usage
of different appliances. For example, one user, in the household information level
experiment, explained his evaluation process where he turned off the electricity
supply to all rooms except one from the fusebox, and then tested the appliances
of interest in this temporary laboratory. Furthermore, 5 from the 13 interviewed
participants reported that the power use information had been used to support
decisions to turn off unused appliances. Similar accounts of active user analysis of
individual appliances were reported by Hargreaves et al. (2013) who interviewed
11 participants from UK who got access to energy-use information over 18 months
through dedicated displays. Schwartz et al. (2013) also highlight the need for
providing information that can be used to compare appliances based on interviews
with users from a German living-lab study.
Requirement 1: Based on this evidence, providing access to individual appliances’
energy-use is a requirement. This information should allow for learning what type
of appliance provides the basis for the most effective intervention. The feedback
should also support decisions on the most efficient appliance to change to within
the same appliance type.
The requirement that directly follows is based on the importance of direct ac-
cess to continuous energy use information. The high frequency, with which the
power-use data was delivered (once every eight seconds) in the previously related
smart-meter study (Chapter 5), allowed for a range of different information uses.
The evaluation of individual appliance’s characteristics, explained above, is only
one example. Previous experiments also confirm that continuous provisioning of
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energy-use information is fundamental for a future information system (Ehrhardt-
Martinez et al., 2010). It should be noted, however, that even though a heightened
awareness and knowledge level has been achieved, direct feedback has not always
been shown to lead to energy savings, even though users have gained an appreciable
understanding of their energy usage (Darby et al., 2011; Hargreaves et al., 2013;
Thuvander et al., 2012).
Requirement 2: Direct, highly granular energy-use information is a fundamental
requirement for improving awareness, allowing for individual explorations and more
advanced processing of information.
The second major usage pattern of energy-use feedback in the smart-meter study,
besides the focus on individual appliances, was to evaluate the impact of changes in
operating behavior. Five out of thirteen participants reported that they had tried to
operate certain appliances with a large impact more efficiently, for example, by only
running the washing machine when full or by cooking food collectively. Learning
and changing operating behavior was defining factors for the three participants who
increased their energy usage the least. Related to changing operating habits, many
participants also commented that the impacts of certain changes were difficult to
estimate with the current information and that certain tasks had to be performed
regardless of time of day or electricity pricing. Hargreaves et al. (2013) similarly
found that users would only go so far in changing their energy-use patterns since
the impact was expected to be negligible or outside the preferred comfort zone.
In contrast, Costanza et al. (2012), found that enabling activity level energy-use
information did improve the understanding and could aid users’ decisions.
Another change in behavior pattern was prompted when the users, in the house-
hold information level study, analyzed the power use when no electricity services
where in active use. These participants were surprised to learn the significant power
use of some of the stand-by enabled appliances, which influenced them to disconnect
these appliances from the electricity source when not in use. Similar strategies (e.g.
disconnecting and gathering appliances on power outlet strips) were also found in
the living-lab study by Schwartz et al. (2013). Hargreaves et al. (2013) related a
slightly different conclusion, their users reported that the base energy usage was
quickly understood as the norm, and it is not reported whether it prompted any
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changes in appliance operation.
Requirement 3: To facilitate an analysis of how different modes of operating
individual appliances impact the energy usage, the supplied information has to
include the energy usage of different operating behaviors. This requires a more
detailed information level than would be necessary for Requirement 1, which focuses
on recognizing whole individual appliances, irrespective of the operation mode.
The feedback format, which was limited to current power load in the household
level experiment, was also commented on by the participants. Specifically, more
processing of the given information to provide it in well known units were sug-
gested. Since electricity is purchased based on how much power is used over time,
a few participants wanted to have the ability to evaluate how much energy had
been used. Another user went further and reported that the monetary unit on the
energy bill had a greater motivating impact to save energy than the current exper-
imental feedback. These statements are also echoed by other experiments, where a
more personal language was recommended to design future energy-use information
systems (Thuvander et al., 2012; Schwartz et al., 2013).
Requirement 4: To present energy-use information in a motivating and under-
standable way, units that are commonly known to users have to be used.
In another experiment with dedicated displays, monetary feedback was however
criticized for being “unimpressive” (Wallenborn et al., 2011, p. 151). The small
short term gains that were displayed with the direct feedback did not motivate
the users to change their energy use. A related informational issue, which was
voiced in the interviews, was the uncertainty of the impact or worth of exchanging
an appliance or operating behavior for another. For example, the debate whether
LED lights would be profitable over the current compact fluorescent or in how many
years a more efficient washing machine would pay back the investment over the old
one, could not be satisfactorily answered with the provided information. Similar
accounts were also evident in the study by Hargreaves et al. (2013), where the
energy-use information also failed to provide a convincing argument of an action’s
value over a longer term.
Requirement 5: Further processing of the energy-use information should allow
for long-term comparisons in order for users to make more substantiated decisions,
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both with respect to exchanging appliances as well as with respect to changing
operating behavior.
In terms of display technology the participants, in this thesis’ smart-meter exper-
iment, reported contradictory needs. For example, on one side some users would
prefer a dedicated display to remind them of the current energy use, while others
saw a potential risk for conflict if this information was always visible. Both the
potential reminder and the risk of conflict from using a dedicated display was also
voiced by the participants in the studies by Wallenborn et al. (2011) and Hargreaves
et al. (2013), who used different dedicated display technologies. On one hand the
information was backgrounded and continued to remind users of their actions pas-
sively, however on the other hand, this reminder was, in some cases, experienced
as “nagging”, which could be further amplified by inhabitants. Due to the incon-
clusive outcome, whether the web-based or dedicated displays are preferred, these
statements need further testing before becoming design requirements.
Another topic that also has contrary views are social comparisons and competi-
tions. This information format is in some studies proposed to engage users and help
motivate energy savings (Petersen et al., 2007), while other only reported negligible
results (Abrahamse et al., 2005). Similar to the specific types of displays, the social
comparative format also needs more analysis before potentially becoming a design
requirement.
7.3 User-Centered Energy-Use Information
Before we proceed to the design of a user-centered energy-use information sys-
tem we first survey current systems for energy-use or appliance information from
a user-centered perspective. The related information systems will then provide





A number of different systems have already been devised in order to influence energy
users to make more informed and efficient energy-use choices. In the following, we
will review mass-media campaigns, home audits, energy-use feedback, appliance
labeling and home automation, which are the main forms of energy-use information
for end-users at present.
Media campaigns: Using traditional media outlets like newspapers, radio and TV
emphasizes normative and cultural-cognitive pressures; however, few studies have
found any significant impact from these campaigns. The lack of convenience of these
forms of communication in terms of relevance and interactivity could be improved
by introducing modern multimedia technology (Midden et al., 2007). However, the
inherent monologue format of media campaigns make their information predomi-
nantly speak to the already concerned citizens (Staats et al., 1996). Although media
campaigns can be successful in raising awareness about new developments, the tar-
geted audience is generic, by design. This limits the sense of causal relationships
between the forecast outcomes and the applicable information to the individuals
who are already primed to pro-environmental behavior.
Labeling: Appliance labeling schemes have existed since the late seventies in
order to promote new technologies and consumer adoption. Through a continuous
adaptation process of the label methodology, the use of appliance energy labeling
spread from Canada to the USA, and from there to Australia and Europe. But
in spite of the labeling schemes’ pervasiveness, no extensive change in purchase
behavior could be determined in the studies made with this focus (Menanteau and
Colombier, 1997). Although labeling provides a straightforward way of comparing
appliances, the consumer is limited to evaluating the appliances that are available
at the chosen retailers (Menanteau and Colombier, 1997). Further purchase options
would have to be researched and found by the consumers themselves.
What is even more problematic is that the labels merely provide an indication of
the general direction of energy efficiency that an appliance change would lead to.
There is currently no follow up on how the appliance performs in a normal household
throughout its operational life. Hence, the labeling lacks causal information which
links different operating behaviors to the resulting energy consumption.
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Home audits: Individual visits of energy efficiency experts to households are
usually focused on evaluating large-scale house remodeling, such as the addition
of insulation and changes of ventilation systems or window panes, due to the high
salary costs involved. In theory, home audits could be highly user-centered as
each review is done on the individual’s premise. However, the audit information
system is depended on the auditer’s ability to supply a message that the user will
understand. The costs of the system also prohibits revisits and further dialog. The
success and effectiveness of these home audit programs is inconclusive (Magat et al.,
1986). One reason could be the lack of understanding of the advised actions given
in a home audit. For example, a review of home energy audit programs found that
customers chose combinations of household energy improvement options that would
lead to less than half of the energy cost savings possible (Magat et al., 1986).
Energy-use feedback: Feedback on energy usage is available to consumers in the
form of either outlet sensors (distributed sensing), which report the energy usage
of each appliance attached to the monitored electrical plug, or through household
electricity meters. While both outlet sensors and whole household electricity meters
make continuous information available, the breakdown of information is naturally
more granular in the case of the outlet device. Possible interactivity with the
available energy-use feedback devices is, however, limited (Hargreaves et al., 2013).
Furthermore, structuring the data from these monitoring technologies to under-
stand the impact of certain behaviors or appliances used requires significant effort
on the part of the consumer (Fitzpatrick and Smith, 2009).
By not providing a course of action the information lack applicability and can
cause frustration (Strengers, 2011). Although it is technically possible to process
and give end-users customized energy-use information and advice that is generated
from distributed energy sensing, it is so far a neglected opportunity (Marvin et al.,
1999; Fitzpatrick and Smith, 2009).
Home automation: A related energy-use information system to energy-use feed-
back, which also include some form of automated operation control of appliances, is
called home automation. This system and the flexible appliance control it provides
has proven to help users cope with more complex information like frequently vary-
ing tariffs (Paetz et al., 2011). However, due to the high investment cost of such
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systems, its applicability has thus far been limited. Although a home automation
technology arguably allows for highly customizable solutions, the system envisioned
in this study focuses primarily on the information design. Including the aspects of
more advanced energy control is therefore out of scope for this design iteration.
An overview of the relation between the existing energy-use information systems
and the requirements can be seen in Table 7.1. First of all, mass-media campaigns
and labeling provide information of differences within a certain appliance type
segment. Both mass-media campaigns and labeling also present their information
in well known units that the user can quickly parse either through a star ranking
system or through monetary information. Second, comparison between appliance
types and between operating behavior is possible with energy-use feedback through
its continuous information flow. Third, home audits have the ability to provide
user-centered energy-use information in almost all categories. Home audits can,
therefore, function as an inspiration on how information can be processed and
combined to suit individual users. The critical deficiency of the home audit system
is its lack of a continuous information flow, which allows for up-to-date information
that can follow situational and technological developments. The home automation
system is not listed because the different instances vary considerably in terms of
features and design.
Table 7.1: Comparison of current decision support frameworks for energy efficiency
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The potential of implementing feedback on energy use through the use of ICT
should not be underestimated. So far, it has only been compared to current sys-
tems. However, Green IS research show that these solutions can go well beyond
the traditional decision support systems through technology that allows for ac-
curate, frequent and useful information, and allow for new possibilities (Melville,
2010). Two critical strengths of ICT based energy information are its ability to
combine information from separate but related sources and the ability to continu-
ously update the given information in response to changes. These abilities will be
incorporated with the existing energy information system’s strengths, in terms of
the user-centric requirements identified above.
The system proposed in this study does not claim to be superior to the other
current energy information systems in each category. Each format has its particular
strengths, for example, the face-to-face interaction of home audits is arguably more
personal than other forms of communication and mass-media’s ability to provide
compelling and comprehensible explanations can be more powerful for introducing
new services. However, the proposed system’s ability to cover a broad range of key
user-centric requirements, which go beyond the current instances, with the support
of Green IS research is what drives its potential to be a transformative power in
the energy system (Brocke et al., 2013).
7.4 Design Principles
In this section design principles are developed for the user-centered energy use
information system that ensure that all of the identified requirements can be met.
Our design is based on several sources of data, which, through processing, are
combined to advise the individual energy user about the current appliance and
operation behavior options. Figure 7.1 shows an overview of the planned energy
use information system’s modules and information flows.
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Figure 7.1: Schematic design of the proposed support system
7.4.1 Load Monitoring and State Differentiation
The necessary appliance-level information can either be measured at the supply of
the energy flow network by distributed sensors or by disaggregating load data at
a junction point (central sensing). In Chapter 6 both systems are presented and
evaluated with regards to their accuracy of recognizing appliances over different
sample rates and specific operational settings. It was found that the overall ap-
pliance recognition was stable down to 1.5 kHz measurements at 85% recognition
accuracy. However, since Requirement 3 specifically calls for user-level information,
reliable measurements and categorizations of individual appliances and their set-
tings are necessary. Therefore, user-operational-level data was collected with plug
level sensors in order to capture specific appliance operation features.
Design principle 1: Collect continuous energy-use data at the appliance level
through electrical-outlet sensors.
As a consequence of gathering energy use data continuously, labeling the user
operation manually for every new event is not considered an option. An automated
post-processing was therefore designed and is described in Chapter 6, Section 6.3.3
Design principle 2: Provide information on appliances’ states (e.g., “on” or “off”)
and operating settings (e.g., wash program) through automatic post-processing of
the disaggregated energy use data.
7.4.2 Integration of Public Appliance Databases
An external source of data that provides information, which is both useful for users
and specific to each appliance, are publicly available appliance databases. These
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databases, which entail energy use data for a wide range of appliances, are well
suited to perform general comparisons within and between appliances types. For
example, the appliance data supplied from these sources could be used in a purchase
situation to compare some legacy devices and most new appliances available on the
market. As users change their appliances or behavior this can be reflected in the
feedback, as long as the individual appliances are available.
Unfortunately, these databases lack the depth necessary for the state and pro-
gram matching that were explained above. “Wiki”-type projects for gathering and
sharing information and appliance data like the “PowerPedia” (Weiss et al., 2012),
are promising approaches in this regard and might eventually be the only feasible
way of creating a global database of appliances and their operating modes. By
introducing such a database, general appliance learning is reduced to the instance
when the appliance is first measured. In order to demonstrate the value of appliance
and behavior change, a prototype database with appliances that included the nec-
essary appliance state and operational mode signatures information was designed
in this study.
Design principle 3: The appliance exchange and behavior change information is
based on comparisons between internal information (appliance-level measurements)
and external information (appliance databases).
7.4.3 Providing Known Information Units
Traditionally, the energy efficiency of different appliances is compared through ef-
ficiency labels. However, this procedure lacks a relationship between the exchange
of an appliance or change in operational behavior and the value thereof. Differ-
ent operating modes of appliances make it complicated to compare their energy
consumption in daily use directly. The labeling schemes handle this challenge by
abstracting from the operating options by devising a normalized testing procedure
that can be applied across a certain appliance type. However, this assumes a gener-
alized behavior that might not be applicable to every use case. Moreover, the final
grade is abstracted from the individual’s operating habits, and does not retain any
of the information about the cost of operating appliances.
In order to provide a causal relationship between actions and their effects on
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energy efficiency, this design study proposes to give decision support in the form
of monetary savings. There are several advantages to this approach. First, in-
line with Requirement 4 money is a known unit of value, and therefore has been
reported to be accepted and well understood by a wide range of users (Fitzpatrick
and Smith, 2009). Moreover, it does not require technical knowledge and thus, it
will also help to reduce the cognitive burden on the decision maker.
Second, feedback in the form of monetary savings is likely to be more motivating
than other forms of feedback. This argument is strengthened by Kamb et al. (1998),
who found that a monetary incentive outperformed other units of equal value. In
contrast, altruistic feedback, directed at the goodwill of users, show little or no
effect on direct behavior change (McMakin et al., 2002; Ritchie and McDougall,
1985).
Third, a final benefit of using money as the feedback unit is the ability to compare
different types of appliances between each other. This comparison is not possible
with the current form of energy labels as they are tied to a type of appliance. As the
overall energy saving is the main aim of exchanging a certain appliance, being able
to compare different appliance types would allow the end consumer to exchange
the appliance with the highest potential effect, irrespective of the appliance type.
Design principle 4: Provide energy use information support in the form of mon-
etary savings, both in the short term and long term through amortisation calcula-
tions.
Moreover, according to the previously identified requirements, the decision sup-
port information shall be comprehensive and include not only the value of appliance
alternatives, but also the value of behavioral alternatives.
Design principle 5: Provide support both with respect to appliance alternatives
as well as with respect to appliance operation behavior alternatives.
7.5 Demonstration
The focus of this study lies in detailing the first iterative step in creating a user-
centered energy use information system based on users’ experiences with live energy
use feedback. This demonstration will show a proof-of-concept of how the design
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principles can be executed. This study uses well known household appliances to
exemplify the data gathering, processing and potential presentation approaches.
7.5.1 Setup
Following Principle 1, to allow for detailed appliance level information, a power
outlet energy-logging device was used to gather data. The current and voltage
is calculated at the relative high frequency of 1Hz by the micro controller into
real power, in accordance with Principle 2. The information post-processing of
operating modes, comparison and visualization was then handled by a custom-
made Java program.
Altogether, a washing machine, a dryer and two refrigerators were equipped with
the energy-logging device. These appliances were chosen based on their common
occurrence and relative large energy consumption in households. To demonstrate
the use of external information of alternative appliances, as predicated by Princi-
ple 3, related appliance energy use data for the comparison database was gathered
from the publicly available appliance benchmark information portal EcoTopTen1.
This website provides information on the most efficient household appliances cur-
rently available in the German market, and provides a relevant comparison for the
analyzed appliances in this study.
7.5.2 Processing of Appliance and Operation Information
To provide the necessary data for calculating monetary savings and amortisation
(Principle 4) and alternative appliances and operational choices (Principle 5), the
logged energy consumption data was processed for three parameters; number of
completed cycles (N cycle), type of operation mode (X) and the appliance’s energy
consumption per cycle (Eappliance). By combining the number of cycles and type of
operation modes (e.g., 60◦C and 40◦C for a washing machine) with the energy use
measurements, the required variable of energy use of a certain operation behavior
(Ebehavior) for the evaluation were determined. This initial processing also provides




appliance comparisons and the information presentation formatting. In the Re-
sults Section 6.4.2 in Chapter 6 this processing was found to sort all individually
measured events into the correct setting.
In our demonstration of the applicability of the energy use information system,
with respect to a behavioral change, this study will focus on the generation of feed-
back for the monitored washing machine. There are two reasons for this choice.
First, washing machines’ motors and heating blocks have a direct relation to the
energy used. This is not necessarily true for all household appliances. Refrigera-
tors, for example, are dependent on the temperature setting, ambient temperature,
frequency and duration of door openings and closings and the thermal capacity of
the content, which can only be read from the electricity consumption indirectly.
Measuring in- and out-side temperatures could alleviate this specific problem but
is out of the scope of this design demonstration. Second, the operation of washing
machines allows for a straightforward evaluation of behavioral changes. An exam-
ple of a possible alternative operating behavior was collected by reviewing research
on washing machine and detergent technology. The recent improvements show in-
significant differences in washing quality irrespective of the temperatures used (Rü-
denauer et al., 2006). This result provides a host of possible operational changes
that do not necessarily have an impact on the quality of the service provided. Fi-
nally, washing machines are also often targeted by current energy efficiency support
campaigns and provide a good basis for evaluating the requirements in comparison
to the reviewed energy-use information systems.
7.5.3 Attaching Value to Change
The parameters from the data processing were then combined to calculate the
monetary value for both alternative appliances (Principle 4) and operating habits
(Principle 5). The known unit and amortisation requirements were catered to by
processing the energy usage from a unit of service in monetary terms to appreciate
the yearly gain and the potential payback time of a full appliance change.
With respect to the replacement of an appliance, the annual savings potential
(Mappliancey ) can be calculated by the difference between the amount of energy for
the current appliance (Ecur) and the alternative appliance (Ealt) in performing a
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specific unit of service (e.g., one cycle or one hour of time), multiplied by the
number of the units of service per year (Ny) and the current price of electric energy
(CkW h), as shown in Equation 7.1:
Mappliancey = CkW h · (Eappliancecur − E
appliance
alt ) ·Ny (7.1)
Some appliances involve a greater investment and are predicted to be running for
several years. For these particular appliances, the interviewed users mentioned that
it would be appropriate to take into consideration the period in which the appliance
would earn back the investment. The simple payback method is the most common
indicator for evaluating the profitability of investments or projects. Although it
only provides a rough indication of the financial prospect, it is an estimate of how
long the money will be tied up in an investment (White, 1993). Equation 7.2 details
shows that the yearly amortisation (Ay) is the quotient from dividing the purchase
cost of the alternative (Cappliancealt ) by the annual savings potential of the alternative







CkW h · (Eappliancecur − Eappliancealt ) ·Ny
(7.2)
This information further improves the basis for exchanging an appliance with-
out demanding more sources of data to be collected. The problem formulation’s
simplicity also promotes a general understanding of the feedback given from the
data.
Behavior change has statistically been more important for improving efficiency
than what the rising cost of energy could accomplish in the same time (Frieden
and Baker, 1983). Supporting the evaluation of the value of energy-use behavior
is therefore important. It has also been shown that changing behaviors to improve
efficiency is more successful for saving energy, both in the short and long term,
and is easier to implement on a large scale than curtailing behaviors (Ritchie &
McDougall, 1985).
Adjusting the temperature setting on a washing machine is an example of a
potential operating behavior change. A switch from 60◦C (140 F) to 40◦C (104 F)
has, for example, shown to have little impact on the resulting cleanliness of clothes
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but will impact the energy used of about 84kJ/kg water or about 230Wh energy
for 10 liters of water (Rüdenauer et al., 2006)2 .
The monetary value of changing operating behavior within the same appliance
(i.e., the washing machine) was calculated for the current measured appliance and
two newer alternatives. The number of cycles was normalized to be comparable
to the yearly consumption base line of the analyzed appliances in the EcoTopTen
database. The calculation to evaluate the behavior change in terms of monetary
savings is shown in Equation 7.3. The annual savings (Mappliancey ) is calculated,
similar to the savings from appliance change (Equation 7.1), by multiplying the
current electricity price (CkW h) with the number of yearly cycles (Ny) and the
change in electricity consumption due to the behavior change (Ebehaviorcur −Ebehavioralt ).
The factor X is a factor to vary the grade of operating behavior change between 0
and 100%. This variable was implemented to allow an evaluation of partial behavior
changes.
Mappliancey = CkW h · (Ebehaviorcur − Ebehavioralt ) ·Ny ·X (7.3)
7.6 Results
This section will evaluate how well the design requirements are fulfilled in compar-
ison to existing systems given the results from the demonstration. The evaluation
will follow the “informed argument” approach, which means that the systems util-
ity will be argued based on existing knowledge (Hevner et al., 2004). As explained
in Chapter 3, Section 3.3.2, this evaluation was exemplified as appropriate when
the design process is initiated by the client (Peffers et al., 2007), as is the case in
this study.
7.6.1 Exchanging Appliances
Evaluations of appliance exchange often fail to use the current situation as the
baseline for buying a new machine. Mass media campaigns and labeling rely on
2Specific heat capacity of water (4186J/(kg · deg) ) · temperature difference (60deg− 40deg =
20deg) · water mass (10liter ≈ 10kg) · Wh per joule (1/3600(Wh)/J).
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a statistical reference situations and operating habits, which lead to a purchase
decision based on comparing newer models against each other on standardized
grounds, which are more or less similar to the user’s situation. Energy-use feedback
and home audits, on the other hand, start with the current situation and then follow
up with recommendations for the future. Home audits are, however, a snapshot
process and lack support for continuous information updates. Energy-use feedback
that is given direct to users has this continuous information component, however,
the information leaves most of the processing to the individual user. The feedback
implementation shown in this study uses the current situation as benchmark, similar
to energy-use feedback and home audits.
The feedback design in this study uses the current situation as benchmark through
continuous measurements, similar to energy-use feedback. Additionally, analogous
to the expert advice of home audits, more in-depth information is added by the
database of comparable appliances. Requirement 1 is thus followed since the system
provides the ability to compare appliances within a certain type.
In accordance with Requirement 2, the continuous information flow of the pro-
posed system has a better chance to provide relevant information as technology
develops and alternative services improves. It is important to note that this com-
parison only takes into consideration the electricity used, while other efficiency
improvements - such as less water consumption for the washing machine - might
also be an important reason to exchange appliances. Similar up-to-date information
can also be delivered on specific appliances from external sources like mass-media
campaigns and labeling schemes.
All information is given in a monetary unit as it is generally well known and
understood in accordance with Requirement 4. Based on this monetary information
Requirement 5 is followed by providing support for long term decisions in the form
of amortisation results.
When comparing the expected operational life of common household appliances
(Gutberlet, 2008) to the calculated payback time (Table 7.2), it is immediately ap-
parent that replacing an appliance is, in many cases, not cost effective. For example,
there is only a marginal chance of getting a return on investment when exchanging
the Medion refrigerator. This result is congruent with design Requirement 5 by
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providing the necessary long term perspective to support informed decisions.
Table 7.2: Results showing the value of exchanging a washing machine, a dryer
and a refrigerator to a current top alternative of comparable size and operational








































7.6.2 Changing Operating Behavior
When a different behavior is possible without lowering the service quality or level
of comfort, the change is limited only by a lack of information and knowledge
(Hargreaves et al., 2013). This limitation is however real. New research and tech-
nological improvements have to compete with trained patterns and habits. In line
with Requirement 3, the filtered operational settings from the continuous measure-
ments (Requirement 2 ) are combined with the data of operation modes to give user
behavior evaluation support. This customization is not possible with mass-media
campaigns or labeling schemes, which rely on average user patterns. By using the
current personal operational habits a more realistic energy and cost performance
can be expected.
By providing a known unit of presentation (Requirement 4 ) for possible behavior
changes, the proposed feedback implementation provides a basis for a more person-
alized way to compare the choice of different behaviors than mass-media campaigns,
labeling and energy-use feedback. To support users in making long-term decisions,
as Requirement 5 stipulates, the monetary value of exchanging appliances was es-
timated in years through an amortisation algorithm. This support takes into con-


















Percentage of washing done in 40°C  
Yearly gain by washing in 40°C instead of 60°C 
Miele W 844 
Bauknecht WA 634 
Miele 5877 
Figure 7.2: Results showing the value of changing the washing machine operating
behavior from 60◦C (140 F) to 40◦C (104 F).
energy-use information systems, only home audits could make similar judgments
as they also has access to the individual’s appliances.
The operating behavior change feedback complements the appliance exchange
by showing the user alternatives to improve the cost and energy efficiency when
the replacement of an existing appliance is not appropriate. By comparing the
two levels of feedback it is also possible to determine where the effort should be
put. For example, a behavior change could be of equal or higher annual value
than replacing a washing machine, depending on the amount of behavior change.
Evidently, behavioral changes are generally more relevant for those appliances that
are less energy efficient (as can be seen in 7.2). Thus, the effect of changing the
behavior is directly dependent on what appliance is currently in use.
7.7 Discussion
Green IS and Energy Informatics research clearly has an interesting and complex
challenge to tackle in improving information design for energy efficiency. This
study analyzed how new energy-use feedback opportunities could be provided for
private households by incorporating design science and information systems re-
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search with the recent developments in information technology. The objective of
our design effort was to create a user-centered Green IS energy-use information
system to promote energy efficient choices in private household. This objective is
developed through involving users who are experienced with current instantiations
of energy-use information systems. Based on qualitative interviews from three dif-
ferent experimental studies, design requirements were defined and operationalized
through the design science methodology. This study thus contributes with require-
ments for designing solutions for the energy-use information class of systems as well
as a defined artifact that lends itself well to continuous iterations. Key points of
the design will be highlighted followed by a discussion of the study’s limitations
and potential future directions.
First, a key design principle of the proposed energy use information system is to
provide both behavioral as well as appliance alternatives. In the example of the
washing machine, the payback time for exchanging the older Miele W 844 for a more
modern appliance was long. The same amount of savings were shown, through the
behavior analysis, to be within reach by changing operating habits from washing in
only 60◦C to washing 75% of the time in 40◦C. This result confirms that being able
to compare appliances based on the same metrics is the key for efficient decisions
both in terms of energy and economic aspects.
Second, in order to evaluate user’s operational behavior continuous information
is needed to evaluate appliance settings and operational habits. The proposed sys-
tem’s ability to grow along with how the user changes operation behavior, through
its continual information flow also opens up new venues for feedback development.
Different stages in life would have the possibility of being met by different messages.
Thus, by analyzing users over years and categorizing them depending on actions,
a form of curriculum could be developed for providing energy knowledge to user
groups in steps over time. Furthermore, user rebound effects, where users balance
their saved energy by using more elsewhere (Abrahamse et al., 2005), could also be
targeted by following the user over time.
Third, by supporting a combination of household measurements and external
information sophisticated reports, which were previously done by experts in home
audits, can now be delivered continuously to the user. This study has shown great
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potential for implementing a shared database for appliance energy-use data. Cur-
rent publicly available databases support decisions between new larger household
appliances. However, it is still not possible to compare the current situation and
most often not even the currently owned appliances with newer ones. With a shared
appliance database with appliance setting differentiation, current appliances oper-
ated in specific ways can be used as the benchmark as was demonstrated in this
study. The appliance efficiency could then be followed over its operational life,
in contrast to the initial evaluation done today. Continuing the development of
this database should, therefore, be prioritized to develop user-centered energy-use
feedback further.
Fourth, to improve the information feedback, money was used as the comparison
unit. Monetary units are easily comprehensible and in this vein it is straightforward
to provide users with a direct link to the loss or gain that the energy efficiency
choices lead to. Yearly gains and amortization period directly demonstrated the
expected payback time in the current demonstration. The monetary unit also
allowed for evaluating operating behavior changes and comparing appliances of
different types.
In order to focus on a clear presentation of the conceptualization and design of
the envisioned decision support system, we deliberately chose a simple approach to
conduct the underlying economic evaluation of different appliances and behavioral
alternatives. Obviously, several improvements are feasible here. For example, the
payback period could incorporate an appropriate discount factor, and possibly also
a forecast on future energy costs. Moreover, it would also be feasible to provide
monetary information on the outcomes that can be achieved by replacing appliances
and changing the usage behavior. In this context, it might be worthwhile to extend
the comparison engine in our system by a collaborative-filtering based recommender
system that could disseminate best practices of similar households.
Finally, it is important to remember that, “feedback does not have to be complex
to be effective” (Darby, 2008, p. 506). There is a clear risk that the ability to
add more information to a system might finally make it more complex. Therefore,
before implementing this design for another quantitative and qualitative evalua-
tion, the more fundamental concern of information overload should be evaluated.
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Due to the potential informational richness of an energy information system based
on Green IS, research exploring how to balance the information for accurate and
timely decisions is becoming more important. Finding successful combinations of
interaction technology, design, content and setting while closely monitoring the dif-
ferent channels of information is a challenging endeavor but also the most rewarding
one by contributing cumulative knowledge that can lead to a more sustainable fu-
ture. This proposed strict separation and measurement of information design and
interface design is necessary to build cumulative knowledge of how the adoptions
process is influenced (Bhattacherjee and Sanford, 2006). By combining the result
from how an appropriate informational load should be designed with results from
energy display design research (Anderson and White, 2009), another set of interface
requirements can be tested in the next design iteration. This topic, of information







Information and communications technology (ICT) is permeating ever greater as-
pects of our lives. With its help, access to information knows virtually no bounds.
Sophisticated information services are now offered to each person with a portable
computational device. This access can provide contextual details that previously
were exclusively available to experts and managers. With the added detail, the
specific value and cost of a decision can be more fully evaluated. For example,
the upcoming informational services for end-users that is enabled through the Ad-
vanced Meter Infrastructure (AMI) in the energy domain, is one domain where
users can now quantify their appliances and habits in greater detail and make more
knowledgeable choices. Chapter 6 and 7 furthermore presented a user-centered
energy-use information system, which provides highly processed information on an
appliance and user operation level.
As explained in Chapter 2, Section 2.4.1, giving novices all this information
might actually have the opposite effects to ones expected. Conclusions of smart-
meter experiments also caution that an introduction of more information will not
automatically lead to more efficient energy decisions by private households, but
rather tend to make the decision task more complex (Darby, 2006). More recent
research even suggests that a lack of spare time or technical interest is already
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enough to potentially preclude the potential efficiency gains that stem from the
availability of more detailed energy-use information (Fischer, 2008).
End users have such a number of choices to improve the value or limit the cost
incurred by appliances that they would stand a much better chance of handling
the information overload if the energy-use feedback was preprocessed before being
analyzed (Kempton and Layne, 1994). More precisely, a filtering of too detailed
information is needed to guide decision makers in their use of increasingly complex
information. “Else, we run the risk of the data being ignored, obviating many of
the advantages of the smart grid” (Simmhan et al., 2011, p.6).
This chapter will focus on combinatorial problems where the user have to parse
the available information and choose limited sets, and explore how much informa-
tion detail should be presented to support effective decisions by novice end-users.
To analyze this problem we have developed an experiment to test and compare
different levels of information detail.
This research has been previously presented at the ECIS conference (Dalén et al.,
2013) and is submitted to the BISE journal (Dalén and Krämer, 2014a). The re-
mainder of this chapter is organized as follows. First decision support systems for
end-users are contrasted against more traditional management decision support to
understand the peculiarities with acquiring information on an individual end-user
level. Second, a theoretical framework is introduced to help structure the evalua-
tion of Decision Support Systems (DSS) for the end-user. The presented theoretical
framework and previous related research provide the basis for the research hypothe-
ses. Then, the design of an online decision task experiment is presented that enables
us to study the impact of different levels of information load on decision quality.
The study’s results are reported and then conclude with a discussion of the findings
and avenues for future research.
8.2 Theoretical Framework
The research of decision performance and information processing has so far had lit-
tle impact on the decision situation for novice end-users. For example, with respect
to DSS for energy use, Allen and Janda (2006) found that adding features to an
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in-home energy display created confusion and could hinder the overall understand-
ing. Strengers (2011, p.2141) further highlighted this problematic in her study on
eco-feedback by stating: “Worryingly, householders may react negatively if more
’bells and whistles’ are added to in home displays to enhance and sustain consump-
tion reductions.” No follow-up or suggested discourse to understand this problem
in more detail was however given in the in-home energy display study. This is un-
fortunate since more research rigor could potentially help iteratively build systems
that impact end-users to make more effective decisions (Melville, 2010), just as re-
search have helped managers become more proficient at making complex decisions
in their businesses (Shim et al., 2002).
Clearly, not every opportunity to maximize the amount of information given
is appropriate. An example of how sparse information can successfully influence
more conservative energy use is given by Ham and Midden (2010). In that study,
an ambient light that changes color according to energy use provided a success-
ful interface for goal oriented feedback. The effect of ambient light information
compared to factual numbers had a stronger positive impact on users’ behavior.
However, it is still too early to generalize these findings to design DSS that focus
on knowledge transfer in contrast to the goal-oriented processes it has been tested
on.
The specific situation and its effect on the interaction can clearly not be dismissed.
It is necessary to go further than gathering and supplying data to fully understand
the novice end-user’s relation to their information systems (Watson et al., 2012).
Thus, by following an experimental approach we aim to contribute with a more
detailed understanding of how a novice user is influenced by information diversity.
8.2.1 Expert vs. Novice Decision Support Systems
Previous research of information impact on decisions mainly focuses on managers
and experts, who spend a considerable amount of time with a certain problem.
Activities like strategic planning, management- and operational control lie at the
foundation of these professional decision support systems (DSS) (Gorry and Scott
Morton, 1971). Over time, DSS research has widened to support group decisions




With the developments in information technology, measurement devices have
spread to more peripheral areas and users. However, the metaphor of the novice
end-user as a micro-resource manager has been criticized as this perspective could
potentially mask certain practices in a normal household (Strengers, 2011). Besides
the situational differences, another crucial difference between the target audiences
and therefore the informational design lie in the characteristics of an expert and a
novice end-user.
First of all, it has been shown that parsing information can be done in larger
batches with improved retention rates by experts (Mackay et al., 1992). Novice
end-users in contrast, proved to commonly miss the “larger picture” and instead
focus on specific problem details. Second, Schenk et al. (1998) found evidence
for a general lack of domain knowledge with novice end-users, which led to a less
systematic course for problem solving. Third, by reducing the required processing
of information, novice end-users have been shown to acquire the same amount
of information as experts, however, by failing to map the informational pieces to
one another decision accuracy still trailed behind the experts (Perry et al., 2012).
Fourth, even though training has been proven to increase the ability to use and
accept DSS (Nelson and Cheney, 1987), extensive training sessions for end-users
in the energy domain is improbable considering the cost indifference and relative
high premium on comfort that individuals are willing to carry (Hirst, 1980; Pierce
et al., 2010). Research on expert DSS use, however, considers training to be a given
prerequisite for implementing any information support system (Green and Hughes,
1986).
The main points that have to be taken into consideration when designing a
DSS system for end-users instead of experts are summarized in Table 8.1. These
distinct differences lead to the question; how should information be designed to
support novice end-users to parse information? To make this question testable the




Table 8.1: Key differences between expert and novice end-users constraints for de-
signing a DSS
DSS Considerations vs. Target Audience Expert Novice
Parsing Batch Piecewise
Domain knowledge High Low
Understanding Conceptual Individual details
Incentives Salary Mixed
8.2.2 Cost-Benefit Decision Performance Framework
To structure the research and guide the theory development, we use the cost-benefit
theoretical framework (Beach and Mitchell, 1978). This framework “... is the most
frequently used framework for explaining contingent decision behavior” (Payne
et al., 1993, p.100), and therefore commonly used as the basis for explorations
of DSS (Benbasat et al., 1987; Todd and Benbasat, 1994; Wang and Benbasat,
2009). The trade-off between minimizing the cost of a decision and maximizing the
benefit thereof, influence how users interact with the DSS (Todd and Benbasat,
2000). The basic premise for the framework is that each decision strategy balances
the associated cost of a decision strategy against the potential value of the outcome.
Where cost can be interpreted as the effort of information acquisition and process-
ing while the benefit is the decision accuracy and the speed with which the decision
is taken. The task complexity is interpreted in the cost-benefit framework as the
time pressure, number of alternatives or dimensions with which the information is
presented (Payne, 1982).
In a combinatorial problem situation, where only a limited subset can be chosen
and the information is diverse and has multiple dimensions, it is virtually impos-
sible to find an optimal solution. However, by altering the number of dimensions
for a given set of alternatives at a certain allotted time the relation between the
independent variable and the dependent decision behavior can be evaluated.
Following this theoretical model, the goal of this study is to evaluate different
informational diversity levels to understand at which level users are able to choose
a strategy that allows them to reach an accurate decision outcome in as little time
and with as little effort as possible, under the situational constraints of a novice
end-user. This study aims to test what effects certain detailed changes to the
137
User-Centered Information Overload
information diversity will have on the decision strategy. In the following section
related literature is presented to form the hypotheses to reach these goals.
8.3 Hypotheses Development
In this section results of information presentation on decision outcome are presented
from literature on decision experiments. These findings are subsequently used to
operationalize the theoretical framework. This will provide hypotheses and mea-
surement methods to evaluate the informational details that balance the cost and
benefit of decisions.
8.3.1 Decision Accuracy
Decision accuracy is not directly correlated with the amount and detail of infor-
mation provided to the decision maker. Although access to decision support tools
has been found to lower the effort of processing a specific amount of information,
it could not be shown that it provided the capability to process more information
(Todd and Benbasat, 1991). Novice end-users have shown a similar ability to ac-
quire information to their expert peers when the information needed less processing.
However, this ability did not improve the novices’ solution accuracy (Perry et al.,
2012). These results are contrary to what (Iselin, 1988) found, where inexperienced
users managed to reach a level of accuracy on par with their more experienced
seniors for more diverse and complex tasks. It should be noted that the inexperi-
enced users in the latter experiment are not novices, as defined in this study, as
they already had domain knowledge but simply lacked the years of training.
In contrast, minimizing the complexity, by combining and summarizing of infor-
mation for example, is recommended to make the decision process clearer (Hwang
and Lin, 1999). Experiments have found that not just the ability to parse infor-
mation is limited but that having too many options can be confusing and lead to
lower decision confidence than if fewer options had been given. For example, sub-
jects were found to be more burdened and overloaded by choice in treatments with
more than 20 different choices compared to treatments with only 6 choices in such
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disparate areas as selecting jams or essay topics (Iyengar and Lepper, 2000).
There is also a lower boundary for information detail for making accurate deci-
sions. The current monthly or yearly feedback on energy consumption is a glaring
example of the effects of restricting access to information detail. In fact, a three
year study of the impact of energy bill information in Norway found that, increasing
the billing frequency, including historic energy use comparisons or providing energy
conservation tips led to a 10% average saving of energy (Wilhite and Ling, 1995).
To summarize, previous research has found an inverse U-shaped relationship
between decision accuracy and information diversity. Performance first improves
with more information until a certain level when it starts to drop off as more
information is introduced (Hwang and Lin, 1999). Tipping points were found even
for small increases in information dimensions, where more information load incurred
decisions with lower quality (Hwang and Lin, 1999). Hence, we hypothesize that
a similar, inverted U-shaped tendency exists between the information diversity
provided and the solution accuracy. A common metric to measure the solution
accuracy is to create a decision situation where a fixed ideal solution point can be
compared against the participant’s solution.
Hypothesis 1 (H1): The accuracy of the end-user’s decisions is highest for inter-
mediate levels of information task complexity.
8.3.2 Decision Time
Solution accuracy alone is not sufficient to judge the quality of a decision-making
process (Vessey, 1994). The ability to consistently distinguish a good alternative,
even in a limited time frame, is also an important criterion for feedback interfaces
for end-users. Previous research is, however, inconclusive on the effects of lowering
the task complexity through graphical representation on solution time.
One study comparing tabular and graphical information representation found,
as predicted, that the graphical representation lowered the time to complete the
given task when sufficient time was given (Benbasat and Dexter, 1986). A similar
correlation was also found between more complex tasks with a higher diversity
and longer solution times (Iselin, 1988). The influence of experience could however
only be partially confirmed in the case of more complex tasks. A more surprising
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result was found by Speier and Morris (2003) where text-based presentation lead to
improved solution times over its normally less complex graphical counterpart. The
authors, however, argue that the visual novelty might have led to more exploration
and thus longer solution times.
In light of this evidence’s bias towards decreased solution time for decreased
information diversity, we also hypothesize that the participants will find the solution
with greater speed when the information diversity is lower. The solution time
provide a natural metric of the timely progression of individual decisions towards
an accumulated solution.
Hypothesis 2 (H2): The end-user decisions are made faster for more aggregated
forms of information presentation.
8.3.3 Decision Processing Strategy
In addition to improving solution time, understandable and actionable information
is predicted to lead to strategies that produce a higher decision benefit by improving
its accuracy while minimizing the decision time and amount of processing effort
needed (Todd and Benbasat, 1994).
The theory of “Reflection-in-action” proposed by Schön (1983) provides insight
into the effects of how trial-and-error versus reflection can influence the effort to
reach a solution. The fundamental premise of reflection is a behavior where the
reasons of the outcome is analyzed and allowed to change the underlying behav-
ior. By setting up an experiment with a decision process that emphasized reflection
through increased feedback, computer science students improved their average deci-
sion accuracy and at the same time used fewer trials to accomplish the final solution
(Edwards, 2004). Thus, by taking into account a trial-and-error behavior, based on
how many individual decisions are taken to reach a solution, the effort to process
and understand the information can be measured.
To mirror the result from changing the feedback environment on decision effort
we hypothesize that the amount of tries to settle on a solution will be the inverse to
the accuracy trajectory. Information that manages to balance task complexity will
therefore allow for more reflection and lead to fewer number of individual decisions.
The number of individual decisions taken to reach the solution will measure the
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effort of information acquisition and processing.
Hypothesis 3 (H3): A higher number of decision steps to reach a solution is
necessary when the information is either too sparse or too detailed.
8.3.4 Learning
Understanding how learning influences decision benefits and costs is an important
parameter in evaluating information interaction (Iselin, 1988). The experimental
subject’s familiarity with an experimental setting has shown to have a clear positive
impact on the decision quality, both for structured (Iselin, 1988) as well as for
unstructured tasks (Iselin, 1990). Similar conclusions are well established in the
expert systems domain where the experience with a number of different problems
and the learning of a specific problem is what defines experts from novice end-users
(Hayes-Roth et al., 1983).
By running the experiment over multiple rounds the impact of the increased
experience can be evaluated. Based on the previous findings, we expect that users
will acquire experience with the problem and become more proficient in using the
given information with every repetition at every task complexity level.
Hypothesis 4 (H4): At every level of information detail, decision accuracy in-
creases while decision time and the number of decisions decreases over the number
of rounds of the decision task.
8.4 Experimental Design
Field studies of how information and technology can alter behavior are generally
criticized for using too many mixed sources of change (Fischer, 2008). A controlled
setting is needed to learn how specific facets of information influence decisions.
Laboratory research has long been requested to clarify the relation between applied
causes and their effects in feedback for energy efficiency (Abrahamse et al., 2005).
However, laboratories have two distinct drawbacks for a decision experiment. The
first is that the participants are normally chosen from a common subject pool
(e.g. students) and second, that they take place in a foreign environment. As the
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situational effects on feedback interfaces are important (Fogg, 2003), a laboratory
experiment was dismissed.
Instead, an online experiment was developed to study the effects of changing
information diversity for a diverse set of end-users in a familiar environment to
them. To get a fundamental sense of how end-users are affected by information
diversity it was decided that an abstract testing environment should be built. The
problem abstraction allows for testing the hypotheses without priming the subjects
and distorting the result. The devised decision framework provides internal validity
(control) and allows a general set of participants to interact with the given structure.
8.4.1 Subjects and Design
The experiment design was based on the knapsack problem. This classic problem,
where a hiker has to make careful decisions about the items to bring in a constrained
knapsack, provide a clear decision goal of maximizing the value of the chosen items,
while being restricted by a limited volume for the chosen items. Furthermore,
the maturity of the problem provides a large set of algorithmic explorations. In
this experiment, this meant that an optimal solution could be found in pseudo-
polynomial time through reduction and sorting (Martello and Toth, 1990). This
solution, in turn, supplied a fixed point for the comparison of participants and the
hypotheses evaluation.
Changing the amount of information that the participant has about the optional
items alters the informational diversity. We used the number of dimensions in which
the information was represented to alter the task complexity in the experiment
interface. In effect, the information of the value of each choice was gathered in more
or fewer bins while the underlying choice set was the same for every participant and
experimental round irrespective of treatment. Each bin value was represented by a
shade of gray in the interface, while each item, representing a potential choice, was
assigned a specific cost and value. A range of values was represented under each
bin shade while the cost was represented by the item width in the interface; see
Figure 8.1 and 8.2 for graphical examples of the abstract experimental interface.
The decision framework was published on Amazon’s Mechanical Turk (MTurk)
platform. This platform and its participants (or workers) have proven to produce
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Figure 8.1: Interface for the knapsack problem showing the three-shades treatment
condition.




reliable results that are consistent with what has been found in more traditional
experimental settings (Goodman et al., 2013). MTurk participants have also been
shown to better represent the overall population than in university campus exper-
imental facilities (Berinsky et al., 2012). According to the explicit characteristics
of domain knowledge and external incentives, as defined in the theoretical back-
ground, the MTurk workers fit the novice end-user well. Both the workers and
novice end-users have no training with the current problem and are only given a
small incremental incentive to interact with the interface. With the support of the
MTurk platform, reliable and reproducible results can be achieved on the basis of a
heterogeneous and representative sample that adhere to the study’s predetermined
requirements.
No country was restricted from participating in the online experiment. The
main countries represented, based on the participant’s IP address, were the USA
and India, which is consistent with the findings of Ipeirotis (2010). Over the course
of the study 400 workers were randomly assigned to the between and within subject
experimental design at the time of registration.
It should be noted that while our results are meant to inform IS research on
the interaction aspect of end-users and informational interfaces, our experimental
interface is not considered to be a design effort in itself. The experimental interface
deliberately abstracts from any specific choice context in order to eliminate distor-
tions from priming subjects. Following the general character of the combinatorial
problem situation, we have chosen an unframed design in order to gather results
that are free of domain bias. Furthermore, in order not to push respondents to-
wards a behavioral solution heuristic there is no explicit ordering of the items (e.g.
along the cost or the value dimension).
8.4.2 Treatments
The treatments of the different information diversity levels were evenly split be-
tween the area of information overload at fifteen colors (Iselin 1990) and 3 colors
that were assumed to signify a low level of information load. All together there
were four treatments with three (Color-3 ), seven (Color-7 ), eleven (Color-11 ) and
fifteen (Color-15 ) different colors.
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The independent treatment variable is the information diversity value represented
as the item shade between black and white. Therefore, a treatment with higher
information diversity had more and smaller deltas for each bin of values than the
treatment with a lower diversity. For example, 15 colors made the discrete steps
between each shade smaller, and more closely represent the information about the
underlying values, than in the 3, 7 or 11 color treatments. The color-coding allowed
us to seamlessly manipulate the level of information diversity available to the sub-
jects. By randomly assigning the treatment’s conditions to the subjects, the study
thus explores how the grouping of information impacts the users ability to solve
the knapsack problem.
The box width, representing the choice cost, and a choice value was randomly
drawn from a uniform distribution for every round in the same way for all the
treatments. Multiple distributions were compared in terms of the difference between
a greedy solution and an optimal one. The greedy solution followed by filling the
knapsack with items in the order of the value/cost ratio until full. The trial and
treatment rounds were chosen from instances with large differences between the
greedy and optimal solution to increase the problem difficulty.
8.4.3 Procedure
Every user was greeted with an introduction to the knapsack problem, the goal
and the payout structure. A trial round gave the participants the opportunity to
familiarize themselves with the interface. During the trial round the users could play
the game and learn more about the interface by hovering the pointer over specific
parts of the interface and receiving information about the interface details without
time restrictions. The legend of the item’s bin values for the current treatment was
shown to the left of the screen and followed a white to black color scale.
For each normal round a maximum time frame of 100 seconds was given. The
remaining time was shown to the right in the interface. If the participants were sat-
isfied with the solution before the time was up they could always click the “Next”
button and move directly to the next round. The other alternative of letting partic-
ipants wait for the time to run out before moving to the next round was pretested
but was a common source of complaint (Dalén et al., 2013).
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Figure 8.1 and 8.2 shows the decision task framework of the treatments with 3
and 11 levels of information diversity. The current value of chosen boxes is showed
as a percentage as well as the current payout. By “clicking” the box again in the
knapsack returns it to the top box frame with the available choice items. Each
decision is time stamped along with the incremental change to the overall solution
accuracy.
Every treatment was played over three rounds and the subjects were paid a small
fixed payment with a performance based variable component. A subject’s task was
to select an item portfolio, which maximizes the sum of the items’ values, given
a size constraint and a limited time frame. To incentivize more participants to
solve the problem earnestly, the starting payout was kept to the minimal 1 cent
while every incremental percentage improvement above 80% was rewarded with an
additional cent. Participants that only “clicked through” with a final result below
80% of a maximum 100% were excluded from the evaluation, as values below 80%
were never encountered in the pretests of the experiment that produced a mean
result of 93% (Dalén et al., 2013).
The level of decision accuracy was compared to the calculated optimum at two
points during the game. Since the knapsack could be filled and emptied multiple
times over each treatment it was determined to also evaluate the best overall so-
lution of that round, as it did not necessarily coincide with the final measurement
point at the end of the round. The best overall and final end points were also used
to record the elapsed time to reach each solution and to test the within-subject
development over the rounds. From the recording of the decisions made by the
participants the number of decisions were also aggregated for the final solution.
8.5 Results
A statistical summary of the results from the experiment is shown in Table 8.2.
Color-7, 11 and 15 are the treatment dummy variables, i.e. we test for differences
in relation to the Color-3 treatment. LogRound specifies the logarithmic of the
round played and controls for the learning effect. The random effects in this model
are assumed to be independently normally distributed with a variance estimated
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Color-7 -0.463 -0.633 1.378 1.617 -2.299
(0.515) (0.396) (0.654) (0.816) (0.100)
Color-11 -0.185 -0.302 0.804 1.066 -3.513*
(0.804) (0.698) (0.802) (0.883) (0.016)
Color-15 -2.008** -2.256** 6.963* 19.71** -0.163
(0.006) (0.003) (0.028) (0.006) (0.910)
LogRound 1.753*** 1.767*** -8.230*** -14.100** 1.717**
(0.000) (0.000) (0.000) (0.006) (0.005)
N 573 573 573 573 573
Wald X2 39.48 35.88 31.25 17.27 15.69
Log Likelihood -1635.65 -1678.15 -2535.76 -3133.68 -2007.93
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
through our regression.
8.5.1 Hypotheses Testing
Hypothesis H1 tested if participants would perform better over a mid-range of
information granularity than at the outer extremes of less or more information
diversity, and thus display an inverted U-shaped relationship of the accuracy. These
results were evaluated both with respect to the overall best and final end solution
points that were extracted. In order to control for the dependence in observations
stemming from the same respondent, a two-level linear mixed-effect model was used
to test for differences in the results between treatments.
The statistical fit of the best and final solutions only partially confirms the first
hypotheses. There is a significant drop in accuracy only with respect to the Color-
15 treatment. That is, the subjects were able to reach a more accurate solution
with 3, 7 and 11 levels of information diversity. However we do not find statistically
significant differences in accuracy between the Color-3 and the Color-7 or Color-11
treatments. The benefit of decision accuracy would thus favor the three treatments
with larger bin sizes and less information diversity.
Hypothesis H2 was aimed at testing whether participants reached a solution in
less time with a mid range of information granularity, rather than at the extremes
of the scale. Similar to the results on decision accuracy (H1), this study finds
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a significant effect only with respect to the Color-15 treatment. Compared to
the Color-3 treatment, participants in the Color-15 treatment needed significantly
more time to reach a solution. This holds, both with respect to the best as well
as the final solution. However, the hypothesized U-shaped relationship could not
be confirmed with satisfying statistical rigor. All other treatments used a similar
amount of time over the rounds. The benefit of decision speed would be similar to
the accuracy, thus favor an interface with less than 15 information dimensions.
Counting the number of individual choices taken by the users then tested how
many decisions were taken under the different information diversities. The sta-
tistical result from the analysis of the number of decisions over the whole round
confirms H3. While Color-15 and Color-7 are not significantly different to Color-
3 with respect to the number of decisions, we do find that participants in the
Color-11 treatment use significantly fewer decisions to reach the final solution. In
terms of the effort for information acquisition and processing the interface with 11
information dimensions enabled the strategy of least effort.
The fourth hypothesis H4 was aimed at testing whether within-subject effects
were present over the different rounds. These effects are present when users be-
come more familiar with a certain experiment. The effect for the best and final
solution accuracy and number of decisions both followed a statistically significant,
logarithmically improving, development over the experiment rounds. The statisti-
cal results of the solution time for the best and final points showed a significant
decrease, while the numbers of decisions increased slightly over the rounds.
8.6 Discussion
In this study, users’ ability to reach an accurate solution given different information
diversity levels has been evaluated in a novel experimental environment. In par-
ticular, a decision task environment based on the knapsack problem was employed
to mimic the complexity inherent to making effective decisions in a combinatorial
problem setting with access to detailed information.
Based on the theory of information load (Hwang and Lin, 1999) and previous
experiments in this field, the main hypothesis was that a midway between having
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too little information and being overloaded with information exists where users
can make more accurate and faster decisions. The inverse U-shaped relationship
for decision accuracy, the decreasing relationship of decision time and U-shaped
relationship to the number of decisions in relation to information load were based
on general experiments of information overload (Iselin, 1990; Edwards, 2004).
This study confirms that there is a significant overload effect on decision accuracy
where the Color-15 treatment led to a lower final result than the other treatments
with less information diversity. More surprising was that no drop-off in decision
accuracy could be found at the lower diversity end in the experiment, where the
value was binned under fewer colors. Thus, the participants were apparently able
to reach a comparable solution accuracy at all other levels of information diversity,
all the way down to only three distinguishing colors.
The decision time showed a similar significant penalty for the treatment with
the highest information diversity (Color-15 ). This confirmed Hypothesis 2 for
the treatment with fifteen colors. Participants in this treatment took significantly
longer time to reach their best and final solutions. However, no difference in solution
time could be determined between the treatments with lower information diversity.
It must therefore be concluded that information diversity has little to no impact
on the time for novice end-users to reach a solution.
Based on the theoretical framework, the cost of making decisions was also in-
vestigated. Related theory led us to measure this parameter through the decision
frequency in terms of the number of decisions taken over the whole round. By
confirming Hypothesis 3 the number of decisions provide some more insight to the
participant’s behavior in the different treatments. The higher amounts of decisions
taken in the Color-3 and Color-15 treatments, relative to the Color-11 treatment,
suggest that a “trial-and-error” approach was used in these former cases. The sig-
nificantly lower numbers of decisions for eleven colors in contrast, suggests that
users could absorb the information given and make more deliberate decisions.
The final main result showed a significant learning development over the three
rounds of the experiment. Solution-accuracy improved while solution-time and
the number of decisions was lowered logarithmically as subjects worked their way
through the three rounds. This confirms previous research, which also found sig-
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nificant evidence for decision improvements with more experience (Iselin, 1990;
Hayes-Roth et al., 1983).
By combining these results, the best compromise between cost and benefit of the
solution was reached in the treatment where the information was fitted into 11 bins.
In the Color-11 treatment, the solutions were just as accurate and timely as in the
Color-3 and Color-7 treatments, but since the Color-11 treatment also led to the
least amount of effort, as defined in the hypotheses development, this information
diversity alternative shows the most potential.
The findings in this study have ramifications for theory and practice in the emerg-
ing field of novice end-user decision support systems. Our results are comparable
to the findings of Iselin (1990), which also relate to fifteen informational cues as
being in the overload area. This external reference provides some validation to
the overload effects found in this study, even though the experiment designs were
different. The overload effect above eleven colors is also further confirmed by the
increase in time and relatively high number of decisions to reach the final solution.
This study’s results provide insights on the information diversity’s impact on
end-user interface interaction. Here below three of the main resulting guidelines for
future designs of effective information diversity in end-user DSS is presented.
First of all, a significant support for filtering and combining potential alternatives
to protect against overloading users was evident. It is clear that providing access
to all available logging data and the alternative options will inhibit the novice users
from actually using the information for effective decision making. For example,
support of more efficient appliances or operating behaviors from a seemingly end-
less database of alternatives, similar to what the energy use information system
presented in Chapter 7 allows, could benefit from binning these alternatives based
on their energy cost or service value. Based on our findings this would then provide
a presentation that is easier to parse. This would allow novice users to understand
what operating decisions can impact the energy bill the most while minimizing the
impact on comfort, and thus support effective individual decisions.
Second, balancing information diversity to facilitate reflection and less trial-and-
error behavior requires more consideration, as the optimal point to facilitate re-
flection and less trial-and-error behavior was affected both by too high information
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diversity (Color-15 ) as well as too low (Color-3 ). The fine-tuning of this parameter
could be dependent on the decision context and needs to be further evaluated. For
example, limiting the information diversity in terms of alternative appliances and
operating behaviors too strictly could have adverse effects from supplying insuffi-
cient decision context and thus require the user to work through many suboptimal
energy use choices. Instead, an energy interface should provide enough alterna-
tives of appliances or operating habits to support users to effectively decide what
combination suits them and provides them with the most value.
Third, it can be expected that novice users ability to parse information improve
over the time they interact with the interface, as related in the theoretical back-
ground and confirmed by the hypothesis of learning (H4). The novice end-user DSS
should thus be allowed to develop, in terms of information diversity, as users be-
come more experienced with the subject. An effective energy DSS could potentially
provide the information in a less processed format to a more expert end-user. This
would allow for a more conceptual understanding of the information. However,
more research of the path between the novice and the expert is needed to test this
inferred relationship.
As information systems continue to evolve and make decentralized DSS more
powerful we predict that research with this specific focus will become more impor-
tant. Besides the practical implications, this research contributes to research with
a novel experimental environment in which to evaluate interface interaction and
information diversity’s impact on novice end-user decision performance. The study
also contributes to decision support methodology specifically by developing and
testing a viable way of evaluating hypotheses empirically from a large sample size
of heterogeneous subjects. The MTurk platform allowed us to focus on the end-user








“There is a simple way to package information that, under the right circumstances, can
make it irresistible. All you have to do is find it.”
Malcolm Gladwell - The Tipping Point (2002)
Many markets have been transformed by the recent developments ofinformation and communications technology. These developments have
also introduced new opportunities for making energy-use information widely-available
throughout the energy system. The challenge of extending the information tech-
nology in the energy system is to match the intermittent renewable generation with
more a informed and active demand.
The residential sector is particularly affected by these changes since it has had
limited access to energy-use feedback. Gathering information about energy usage
in buildings is the only way it can be understood and managed with consideration.
Thus, to motivate the efficient usage of appliances and support effective decision-
making, residential users have been provided with evermore convenient access to
information about their energy usage.
However, it is currently unclear whether or not people inhabiting these kinds of
buildings can be influenced to manage their energy usage with the information that
is provided.
A market transformation is gradual and evolves over multiple iterations. The
same development progression is likely in the energy system. This study, therefore,
begins by assessing the impact of the energy metering and feedback technology,
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which is currently implemented. Specifically, the impact of real-time energy-use
information is analyzed. Based on the results from this research, further develop-
ments which support the users according to their specific informational needs, are
proposed and developed. Both the possible technological infrastructure and the
further processing of information is critically evaluated and extended. By simplify-
ing and aligning the information with the context of the user, this thesis’ aim is to
make energy-use feedback more compelling, or “irresistible”, as Malcolm Gladwell
puts it.
9.1 Contributions
This study focuses on the evaluation and further development of energy-use feed-
back in the residential sector. The current situation is analyzed in order to clarify
the main features of the proposed smart-meter upgrade. Additionally, the com-
plementary information necessary to evaluating the open research questions in the
domain of energy-use feedback is defined.
Two challenges stand out in the review of experimental research that provides
energy-use feedback. The first concerns the issue of interpreting what impact a
specific informational features had on energy usage. The second is the significant
variance in the reported results from providing more frequent energy-use feedback.
This study begins by evaluating the potential of the current smart-meter technol-
ogy. By specifically targeting the provision of real-time energy-use information, the
main contribution of the first part of this thesis is, thus, focused on understanding
the utility of real-time energy use information in the residential sector. By asking
how real-time energy feedback is used, the inquiry of this study is aligned with this
goal, which is reflected in Research Question 1.
Research Question 1: Evaluation of smart-meter utilityWhat impact does
online access to real-time energy-use information have on energy-use decisions in
households?
To evaluate the impact of implementing smart meters in the residential sector a
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comparable measurement platform that is portable, non-intrusive and can be easily
deployed in the field is built. The design is based on bidirectional communication
and real-time information, which are the two main characteristics of the coming
smart meters (European Commission, 2011). By first developing and testing a
prototype of the measurement system in four different buildings and logging the
real and reactive power load from the same seven appliances, a method of isolating
and comparing the effects of the buildings’ electrical wiring and the already-installed
appliances between the buildings is introduced in Chapter 4.
In addition, a method of logging users’ interaction by recording their interaction
with the real-time information is devised to provide quantitative insight into the use
of the provided feedback. Finally, in-depth interviews with all participants provide
a third dimension into the relation between energy and information use. By com-
bining the presented approaches, this study exemplifies how the “mixed-method-
approach” methodology can be applied to triangulate a certain phenomenon and
contribute to a greater understanding of a socio-technical system.
The experimental study in Chapter 5, provides new insight into how the pro-
vided real-time information is used. Patterns in the participants’ responses in the
interview could often be tracked by the way the users altered their behavior. Of the
13 analyzed interviewees, all 4 who had the slowest increase of energy also claimed
to have little or no previous knowledge of the challenges and potential of energy-
use information. Similarly, frugal users also found that the access to energy-use
information had provided a high utility. Finally, out of the 4 energy-use strategies
(“no-strategy”, “no-potential”, “learning effective change” and “base-load change”)
most of the users who claimed to have learned effective operation changes belonged
to the same group of energy-saving users. That all these traits resulted in a more
careful increase in energy usage during the fall season of the experiment needs more
specific analysis to be substantiated.
Based on the limited impact real-time energy-use feedback has shown on users’
motivation and ability to make effective decisions and improve their energy effi-
ciency, further developments of the system are appropriate. Instead of applying
external pressure by gamifying the interaction and adding goal-directed or nor-
mative comparisons - tactics which has already shown promise (Houwelingen and
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Raaij, 1989; McCalley and Midden, 2002; Loock et al., 2013) - this study continues
to focus on the specific informational content. This focus has been chosen to ex-
plore the innate qualities of information, which are currently underrepresented in
energy-use feedback research (Watson et al., 2010).
So far, targeting individual users has been prohibitively costly in terms of the
limited impact each user can have. General campaigns with a wide appeal have
instead been tested with limited success (Midden et al., 2007). However, this sit-
uation is changing as information technology is becoming more wide-spread and
powerful. As new possibilities open up for more targeted energy feedback, new
research questions become apparent.
Research Question 2: User-centered energy feedback Based on users’ in-
teraction and experiences with real-time energy feedback, what informational detail
and content is required to align the energy feedback with their preferences?
The results from the real-time experiment developed to analyze Research Ques-
tion 1 are combined with related literature to incorporate experiences from users
with different demographical backgrounds and nationalities, and widen the appli-
cation for the proposed solution. Based on this analysis, this study defines five
specific requirements to cater to the needs of the analyzed users. Two requirements
help define the necessary information granularity, while the other three pertain to
the format and necessary complementary information.
The first two requirements, concerning how the necessary information granularity
at the appliance operation level can be made available, are first explored in Chap-
ter 6. Two different energy-use information systems, which use similar approaches,
are evaluated. The first system uses frequent smart-meter data to disaggregate the
necessary appliance-information. This analysis contributes to the knowledge of the
necessary sensor hardware capability for reliable appliance-level information and a
parameterization of the requirements for future scalable household disaggregation
systems. Several different features from this data have been evaluated. The real
and reactive feature (PQ) and the harmonics feature (H) are shown to be superior in
our results, in terms of overall detection accuracy, while waveform features proved
to be the most robust over the whole range of evaluated data sample-rates (100 Hz
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to 12 kHz). The PQ feature was slightly affected by the down-scaling of the sample
frequency between 1,5 kHz and 12 kHz, while the H feature was more sensitive and
dropped in accuracy between 4 kHz and 6 kHz depending on the complexity of the
aggregated appliance signal.
By using a public dataset (BLUED) for the analysis (Anderson et al., 2012), this
study also contributes with much needed disaggregation research that can be veri-
fied and continually developed by other research teams. This enables collaboration
and exchange between research groups to spur on the development of a general and
scalable energy-use information system that can support more knowledgeable and
sustainable decisions.
Because of the amount of noise in the aggregated measurements, the second
system instead uses distributed appliance measurements to disaggregate the specific
operational settings of each appliance. Chapter 6, thus, evaluates how the same
disaggregation techniques can be used on appliance level data to explore how the
specific appliance is being operated and at what setting. This presents energy-
use feedback on specific operational settings, which was found to be a common
parameter that the users tried to evaluate.
The defined requirements for user-centered energy-use feedback were then com-
pared to the capabilities and results of existing information system for residential
energy use in Chapter 7. It was shown that currently available approaches – like
media advertising, home audits, energy use feedback, and labeling schemes – could
not meet all of the requirements. In particular, the ability to combine and process
several sources of complimentary information clearly sets home audits and the pro-
posed system apart. In contrast mass media campaigns, energy use feedback and
labeling all lack the contextual information from either the user or the appliance
manufacturer. In fact, there is no basis for why home audits would be less per-
sonalized than the Green IS artifact proposed here. However, due to the cost of
performing a home audit, the value resulting from exchanging appliances or chang-
ing operating habits is often too small to warrant this analysis at an individual
level. Furthermore, a home audit only provides a snapshot of the current state and
alternatives. Through continuous measurements and repeated evaluations based on
external data, this study instead provides the design for a “perpetual home audit.”
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This analysis is followed by evaluating appropriate design principles to adhere
to the three informational format requirements. First, the analysis concludes that
a greater understanding of the information, which is lacking in the presentation of
power and energy, can be reached by using monetary units. Second, the monetary
unit also provides the basis for supporting long-term decisions, which were fre-
quently searched for by the users with access to real-time energy feedback. Third,
a first prototype of a shared appliances and operating mode database is presented.
This database provides direct access to alternatives at an appliance- and user level
through complementary information from other appliances and operating behav-
iors.
The design of the developed system is finally analyzed in common appliance oper-
ation situations. The monetary units and the long-term decision perspective show
direct promise, as it becomes clear that new purchases of more efficient appliances
are generally less effective than changing the operating behavior with older appli-
ances. Both the alternative appliance and operating behavior points of reference
are supplied by the database information.
The final research direction in this study focuses on evaluating effective ways of
presenting information. Although information is necessary in order to make knowl-
edgeable decisions, too much information detail and too many cues to consider can
also overload the user and lead to worse decision-making. Information technology
is leveling the information-detail gap between experts and novices, however, the
ability to parse and use the information depends upon the amount of domain ex-
perience. Chapter 8 specifically analyzes how the concept of information-overload
affects the novice user, which is comparable to the context where the proposed de-
velopment of the new energy-feedback system would be implemented. This specific
presentation analysis is summarized in Research Question 3.
Research Question 3: User experience and information load What level
of information granularity and how many distinct cues lead novices to make high-
impact decisions with the least attempts and in the shortest period of time?
This research contributes with the decision strategy characteristics of a novice
user compared to an expert one. In order to understand how novice users handle
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new decision-making situations with a large set of alternatives, and what impact the
aggregation of the information details has on novice user’s ability to make effective
decisions, a combinatorial problem experiment is developed and evaluated. The
experimental framework tests the novice user’s ability to make effective decisions
(i.e. decisions with great impact) efficiently (i.e. quickly and with few attempts)
in relation to the distinct informational cues given.
The information diversity was given in four treatments with three, seven, eleven
and fifteen diversity levels. The last level, with the information divided into fif-
teen categories, showed significant signs of overloading the user as it resulted in
lower overall results and longer solution times. The treatment with the informa-
tion divided into eleven levels was on par with three and seven, however, it resulted
in significantly fewer decisions being needed to reach each solution. Therefore,
aggregating the presented information for decisions in eleven or fewer levels is rec-
ommended for combinatorial problems directed at novices. Moreover, to support
an efficient parsing of the presented information about the different possible options
from an energy-use feedback system, the information should be grouped in between
seven and eleven decision levels.
In summary, this study provides a sound basis for the design of a more user-
centered energy feedback system and for how the information should be presented
to be understood and useful for the novice user. This study contributes with specific
recommendations for how to develop energy-use feedback to improve its utility in
the residential sector, both on a technical and an applicational level.
In the following section open research questions and potential future research
directions are outlined and discussed.
9.2 Open Research Questions and Future Work
Beyond the direct contributions of this research, the study has also uncovered fur-
ther research directions. By critically examining the methods and results presented




9.2.1 Energy-Use Sensor Technologies
Two methods to measure and process energy use with increasing levels of sophis-
tication have been developed over the course of this study. The purpose of the
different sensors has been to measure the aggregated household load (similar to
the smart meter) and the individual appliance loads. The former system utilizes
current-transformer sensors and is designed to be installed at a central location, as
explained in Chapter 4. The latter uses inline measurements of the power flow, and
is installed at the appliance level, as explained in Chapter 6. These two solutions
are thus at different ends of the spectrum of measurement invasiveness and aggre-
gation. There are also options in between these extremes that combine these two
approaches. This section will examine the strengths and weaknesses of the chosen
designs and discuss some of the main options.
The aggregated household-level measurements main strength is its complete cov-
erage of a household’s energy use from one point of installation. A central installa-
tion can more easily scale than multiple decentralized installations. An additional
household-level sensor also supplies a benchmark to the household’s energy meter
and the subsequent billing of energy use. The major deficiency of this method is
the difference in system boundaries between the measurements and the household
residents. That is, residents use energy on an appliance level whereas the measure-
ments provide feedback on a household level. This disconnect is also shown in the
field experiment explained in Chapter 5 which focuses on how individuals inter-
act with the information and their energy-based services. From the quantitative
data and the qualitative interview concerning how the general energy-use informa-
tion has been used, it is clear that an appliance- and user-operational-level detail
is fundamental to providing the information that correlates with users’ interac-
tion behavior. This energy-use feedback format is important because the potential
benefit of user-centered energy-use information has been quoted as the most likely
form of feedback to transfer knowledge and motivate a more energy-saving behavior
(Darby, 2010b).
The distributed appliance-level measurement system has the opposite attributes.
By monitoring every appliance, the system boundaries are shared with the appli-
ance operators, however, the system can be difficult to scale and install due to the
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many sensors needed. One alternative has already been analyzed in Chapter 6,
and depends on more accurate and frequent measurements at a central location to
disaggregate individual appliances with the aid of certain algorithms. This alter-
native’s event-based disaggregation of appliances from central measurements relies
on two consecutive steps to be successful. First, the recognition of an appliance
state-change, and second, the correct labeling of this particular event. Currently
the first event-recognition step is only able to detect a small number of regular
events with high certainty; a signal containing more than 20 different appliances
resulted in 50% missed events or falsely detected events (Anderson et al., 2012).
Jin et al. (2011) has suggested the goodness-of-fit event detection method to be
superior to the generalized log-likelihood ratio (GLR) method used by Anderson
et al. (2012), which would be an interesting starting point for future research in
this direction. The second labeling step has received much attention. However,
future research, which intends to build cumulative knowledge, would benefit from
benchmarking their approaches against a publicly available dataset similar to the
setup in Chapter 6. But this alternative, of disaggregating appliances at a cen-
tral location, was deemed too unreliable and lacks the necessary detail to be the
foundation for the user-level energy-feedback system proposed in Chapter 7.
Combining central measurements with different forms of distributed sensors is
another option that should be further explored. Since space heating and larger ap-
pliances still make up the majority of the energy used in a household (IEA, 2014),
these particular services and appliances could be targeted by a limited number
of intrusive sensors and contrasted against the central measurements. Since the
distributed sensors most often measure inline with the power flow, additional func-
tionality, as remote and/or automated control, could also be evaluated with this
approach. By implementing a modular version of the system proposed in Chap-
ter 7 in conjunction with central smart-meter data, a balance between household,
appliance and operating details could be evaluated. Such a measurement system
could be further extended by adding more sensors, and the impact of information




The information design presented in this thesis is based on user-centered require-
ments stipulated by users who have experience with a modern energy-use feedback
system. In order to provide more general requirements for this class of artifacts,
this study combined the interview responses with related experiments. However,
depending on the technology used, the duration of the study, and participant de-
mographics, different results have been reported (van Dam et al., 2010). This
means that the current list of requirements should also be subject to an iterative
development and not be regarded as final.
In this study it is shown how disaggregated energy-use data can be automati-
cally collected, processed and presented in the form of monetary savings in order to
support efficient energy-use decisions. To this end, the proposed energy-use infor-
mation system calculates the value of currently-installed appliances and compares
this against a database of appliances with previously uploaded energy-use data.
While a complete appliance database as such is not yet available as this study at-
tests to, much of the necessary information can be gathered through several publicly
available sources.
It would require a community effort to additionally contribute the load profiles
for various household appliances and their associated cycles and states. But when
this information need only be logged once manually, to benefit all other users with
the same appliance. By uploading more usage parameters to the database, the
accuracy of the expected mean consumption of the appliances can be improved,
which will also extend the usability of the platform for the whole community. A
potential avenue for research would, thus, be to investigate how the development
of such a database can be established. This entails research into how appliance
signatures can be standardized, as well as how households can be incentivized to
provide this information and regularly update the database when new appliances
become available on the market.
In order to provide a clear conceptualization and design of the envisioned energy-
use information system, a deliberately simple approach has been chosen to conduct
the underlying economic evaluation of different appliances and behavioral alterna-
tives. Several improvements are possible here. For example, the payback period
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could incorporate an appropriate discount factor, and also possibly forecast future
energy costs. Moreover, it would also be feasible to provide monetary information
on the outcomes that can be achieved by replacing appliances and changing the
usage behavior. In this context, it might be worthwhile to extend the comparison
engine in our system with a collaborative-filtering based recommender system that
could disseminate the best practices of similar households (Elsner, 2011).
The proposed system is the result of the first design iteration in a design pro-
cess. Input from intended users are once again needed to confirm and correct the
course of this design effort. The evaluation can only show the decision support
system’s technical adherence to the given requirements. In particular, the technical
evaluation cannot comment on whether or not the proposed information is compre-
hensible. As the objective of this study is to introduce and analyze the technical
viability of a Green IS energy-feedback system, such a behavioral evaluation is be-
yond the scope of this study. One framework that has been suggested to structure
this kind of research is the belief-action-outcome (BAO) framework, where each
step towards a predetermined goal can be scrutinized (Melville, 2010). To evaluate
the BAO adoption phases, the results of each step can then be contrasted with
conclusions from other field trials or surveys of smart meters to help improve the
direction of the energy usage.
Naturally, the possibilities for innovation in Green IS go well beyond using the
information proposed in this study. For example, influencing attitudes of disillu-
sionment - that each individual has a very small impact (Strengers, 2011) - could be
targeted by integrating information about the power of many. Another target could
be aimed at normative beliefs, which involve the perceived relation between oneself
and other similar users. This belief could be addressed by providing comparisons
between similar user and appliance groups (Petersen et al., 2007).
9.2.3 Experimental Approaches
The field experimental analysis described in Chapter 5 evaluates whether the treat-
ment led to an overall change in behavior and how interface-use frequency corre-
lates with energy-use. However, spurious effects that are not described by this
data, for example, university terms and daily energy-use cycles, could also influ-
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ence the correlations (Shumway and Stoffer, 2011). Multiple observations over
several interactions have been combined to mediate these unrelated spurious effects
as recommended by Cook et al. (1979).
Similarly, in the real-time energy feedback experiment, it cannot be assumed
that every participant in each household had the same interest in the experiment.
The different tenants could thus have distorted the effect in overall energy-use.
Future research should assure that each participant has an individual login to better
understand how individuals interact with the information. Additionally, it would
have been helpful when analyzing the data if the location coordinates of the user’s
login were tracked. Simply knowing if the login was done remotely or locally would
be a good start, as this would indicate whether or not the user was able to influence
the current energy use directly.
The experiment duration should also ideally allow for an evaluation of seasonal
effects. This study’s focus on users’ experience with real-time energy feedback has
been found to be less affected by seasons, as the switch between active interaction
with the feedback and a more “backgrounded” interaction has been shown to hap-
pen rapidly in similar experiments (Hargreaves et al., 2013). However, the results
would have a wider application if they were collected over an extended period of
time.
In this context, it should be noted that large and long term research studies
require much planning and preparation as they are difficult to manage due to inter-
dependencies and the different focuses of the people involved (Darby et al., 2011).
Moreover, extensive hardware testing and action plans for measurement outages
are very important, as unforeseen failures are common and affect the useful evalu-
ation (Ehrhardt-Martinez et al., 2010; Darby et al., 2011; Hargreaves et al., 2013).
Similar to these studies, the field experiment in this study also had hardware out-
ages. The lapses in sent data were due to a lack of battery replacement and failing
connections as the project wore on, as well as some participants’ habits of dis-
connecting routers and network peripherals when they were not in active personal
use. In future and more long-term studies, a more robust system that preferably
uses mains power or a lower information resolution would improve the stability of
these results. Furthermore, unforeseen, but highly likely outages in the information
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distribution system could be made more reliable by implementing an intermediate
storage for the energy-use data.
Beyond the strictly real-time energy-use information, other studies within the
same framework could also be anticipated. For example, communication among
the members of a peer group can be introduced in order to foster peer effects like
internal collaboration, e.g. the sharing of tips for efficient usage. Also, competition
between different peer-groups appears to be a conceivable incentive (Brewer et al.,
2011; Petersen et al., 2007). Eventually, the provision of applications for mobile
devices would bring energy-use feedback even closer to the users and their daily
routines (Weiss et al., 2009).
In contrast to field experiments, more specific design considerations can be han-
dled more efficiently and with greater control in more focused design environments.
Chapter 8 provides an example of how the impact of information overload can be
studied more individually. Testing participants’ reactions in an abstract environ-
ment, as the current experiment is set up, has been a good way to start building
the theory in an emergent field.
In this study, Amazon’s online “Mechanical Turk” platform was chosen as the
experimental location in favor of a laboratory setup. The decision made it pos-
sible to attract participants with a diversity of backgrounds, which is uncommon
in university laboratories. However, while the platform provides a heterogeneous
pool of participants, the experimental design must take into account the fact that
some subjects are only trying to get through the task quickly, without regard for
understanding the task at hand. This is a well-known challenge, which is usually
solved with comprehension questions (Oppenheimer et al., 2009). In hindsight, our
implementation could have used a stricter implementation of flagging participant’s
gaming. We relied on monetary incentives for improving the result but this did not
help participants that had misunderstood the game setup. More hands-on tutorials
should be tested for future implementations.
By using an online platform that provides reliable results at a small cost in com-
parison to what university facilities cost to run, incremental changes can be tested
and evaluated in detail. This opens up new venues to winnow out counteracting
informational features before being tested in more expensive field trials. Controlled
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experiments for developing user experience is one example application and a method
for evaluating user feedback for interaction development. In particular, further eval-
uation could be based on implementing specific changes to a population sample.
This method is widely used on web platforms like Amazon to perform automated
controlled experiments to optimize their design (Kohavi et al., 2007). Exploring
this method with a “lean-research” approach could prove to be an effective process
through which to explore the topics of information-systems research in general and




Table A.1: Multiple linear regression analysis of power use (Watt) in experimental group as a
function of feedback, Number of residents, Weekday and Hour of day
Dependent variable:
Watt Std. Error
feedback 13.233 (2.302 )∗∗∗
Nresidents 60.104 (1.313 )∗∗∗
dayOfWeek_Tuesday 17.575 (4.132 )∗∗∗
dayOfWeek_Wednesday 7.593 (4.147 )∗
dayOfWeek_Thursday 4.654 (4.110 )
dayOfWeek_Friday −11.550 (4.111 )∗∗∗
dayOfWeek_Saturday −21.601 (4.189 )∗∗∗
dayOfWeek_Sunday 25.898 (4.132 )∗∗∗
hourOfDay01 −80.792 (7.607 )∗∗∗
hourOfDay02 −125.239 (7.606 )∗∗∗
hourOfDay03 −148.661 (7.615 )∗∗∗
hourOfDay04 −160.904 (7.617 )∗∗∗
hourOfDay05 −142.520 (7.618 )∗∗∗
hourOfDay06 −117.642 (7.624 )∗∗∗
hourOfDay07 −82.979 (7.621 )∗∗∗
hourOfDay08 −94.198 (7.588 )∗∗∗
hourOfDay09 −47.818 (7.578 )∗∗∗
hourOfDay10 −49.297 (7.582 )∗∗∗
hourOfDay11 −30.431 (7.576 )∗∗∗
hourOfDay12 23.479 (7.570 )∗∗∗
hourOfDay13 39.014 (7.564 )∗∗∗
hourOfDay14 14.210 (7.571 )∗
hourOfDay15 19.369 (7.573 )∗∗
hourOfDay16 12.538 (7.571 )∗
hourOfDay17 27.465 (7.582 )∗∗∗
hourOfDay18 59.745 (7.579 )∗∗∗
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table A.1 – Continued from previous page
Dependent variable:
Watt Std. Error
hourOfDay19 113.891 (7.568 )∗∗∗
hourOfDay20 138.097 (7.566 )∗∗∗
hourOfDay21 120.397 (7.545 )∗∗∗
hourOfDay22 112.908 (7.544 )∗∗∗
hourOfDay23 84.498 (7.548 )∗∗∗




Residual Std. Error 400.768 (df = 134059)
F Statistic 292.888∗∗∗ (df = 31; 134059)
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table A.2: Regression analysis of power use (Watt) in experimental group as a function of feed-
back, Household, Weekday and Hour of day
Dependent variable:
Watt Std. Error
feedback 22.142 (2.302 )∗∗∗
factor(House)B 93.546 (7.916 )∗∗∗
factor(House)C −19.295 (8.322 )∗∗
factor(House)D −105.710 (8.138 )∗∗∗
factor(House)E −65.003 (7.988 )∗∗∗
factor(House)F −1.252 (9.955 )
factor(House)G −90.981 (9.849 )∗∗∗
factor(House)H −117.284 (8.818 )∗∗∗
factor(House)I −220.272 (7.939 )∗∗∗
factor(House)J −13.832 (8.164 )∗
factor(House)K −28.176 (8.542 )∗∗∗
factor(House)L −268.537 (8.483 )∗∗∗
factor(House)M −177.698 (8.018 )∗∗∗
factor(House)N −179.294 (7.944 )∗∗∗
factor(House)O −245.561 (8.412 )∗∗∗
factor(House)P −248.881 (7.964 )∗∗∗
factor(House)Q −141.038 (10.605 )∗∗∗
factor(House)R −193.943 (8.377 )∗∗∗
factor(House)S −229.465 (8.645 )∗∗∗
dayOfWeekMonday 14.225 (4.002 )∗∗∗
dayOfWeekSaturday −9.434 (3.996 )∗∗
dayOfWeekSunday 39.008 (3.945 )∗∗∗
dayOfWeekThursday 18.095 (3.918 )∗∗∗
dayOfWeekTuesday 32.310 (3.948 )∗∗∗
dayOfWeekWednesday 21.202 (3.956 )∗∗∗
hourOfDay01 −80.773 (7.400 )∗∗∗
hourOfDay02 −125.193 (7.399 )∗∗∗
hourOfDay03 −148.669 (7.407 )∗∗∗
hourOfDay04 −160.773 (7.410 )∗∗∗
hourOfDay05 −142.282 (7.411 )∗∗∗
hourOfDay06 −117.490 (7.417 )∗∗∗
hourOfDay07 −83.126 (7.414 )∗∗∗
hourOfDay08 −94.379 (7.382 )∗∗∗
hourOfDay09 −48.113 (7.372 )∗∗∗
hourOfDay10 −49.551 (7.376 )∗∗∗
hourOfDay11 −30.719 (7.370 )∗∗∗
hourOfDay12 23.440 (7.364 )∗∗∗
hourOfDay13 38.780 (7.359 )∗∗∗
hourOfDay14 13.933 (7.365 )∗
hourOfDay15 18.992 (7.367 )∗∗∗
hourOfDay16 12.135 (7.365 )∗
hourOfDay17 27.534 (7.376 )∗∗∗
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table A.2 – Continued from previous page
Dependent variable:
Watt Std. Error
hourOfDay18 59.862 (7.373 )∗∗∗
hourOfDay19 113.849 (7.362 )∗∗∗
hourOfDay20 138.293 (7.360 )∗∗∗
hourOfDay21 120.496 (7.339 )∗∗∗
hourOfDay22 113.052 (7.339 )∗∗∗
hourOfDay23 84.828 (7.342 )∗∗∗




Residual Std. Error 389.860 (df = 134042)
F Statistic 358.715∗∗∗ (df = 48; 134042)
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Table A.3: Multiple linear regression with the power usage as a response to 2-5 Hours prior inter-
action and household, weekday and hour of day.
Dependent variable:
Watt Std. Error
factor(hour)2 −80.896 (25.108 )∗∗∗
factor(hour)3 −32.307 (26.685 )
factor(hour)4 −18.479 (27.495 )
factor(hour)5 46.606 (28.938 )
factor(House)B 47.101 (13.003 )∗∗∗
factor(House)C −42.049 (14.271 )∗∗∗
factor(House)D −161.768 (14.063 )∗∗∗
factor(House)E −147.745 (13.751 )∗∗∗
factor(House)F 28.038 (17.080 )
factor(House)G −146.942 (15.579 )∗∗∗
factor(House)H −160.582 (16.015 )∗∗∗
factor(House)I −257.319 (13.682 )∗∗∗
factor(House)J 21.571 (14.146 )
factor(House)K −96.017 (15.152 )∗∗∗
factor(House)L −314.839 (13.933 )∗∗∗
factor(House)M −225.132 (13.702 )∗∗∗
factor(House)N −211.316 (13.710 )∗∗∗
factor(House)O −295.358 (14.162 )∗∗∗
factor(House)P −292.959 (13.596 )∗∗∗
factor(House)Q −142.351 (16.965 )∗∗∗
factor(House)R −242.045 (14.035 )∗∗∗
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table A.3 – Continued from previous page
Dependent variable:
Watt Std. Error
factor(House)S −270.906 (13.790 )∗∗∗
dayOfWeekMonday 8.780 (4.920 )∗
dayOfWeekSaturday −1.056 (4.788 )
dayOfWeekSunday 43.562 (4.847 )∗∗∗
dayOfWeekThursday 12.629 (4.706 )∗∗∗
dayOfWeekTuesday 27.720 (4.888 )∗∗∗
dayOfWeekWednesday 26.057 (4.748 )∗∗∗
hourOfDay01 −82.217 (8.988 )∗∗∗
hourOfDay02 −122.080 (8.988 )∗∗∗
hourOfDay03 −143.449 (9.005 )∗∗∗
hourOfDay04 −154.800 (9.009 )∗∗∗
hourOfDay05 −127.591 (9.010 )∗∗∗
hourOfDay06 −96.038 (9.021 )∗∗∗
hourOfDay07 −87.993 (9.026 )∗∗∗
hourOfDay08 −99.289 (9.028 )∗∗∗
hourOfDay09 −43.748 (9.026 )∗∗∗
hourOfDay10 −51.226 (9.042 )∗∗∗
hourOfDay11 −31.628 (9.052 )∗∗∗
hourOfDay12 17.200 (9.032 )∗
hourOfDay13 32.084 (9.020 )∗∗∗
hourOfDay14 12.953 (9.016 )
hourOfDay15 27.437 (9.004 )∗∗∗
hourOfDay16 26.112 (9.001 )∗∗∗
hourOfDay17 51.728 (8.996 )∗∗∗
hourOfDay18 82.116 (9.000 )∗∗∗
hourOfDay19 133.628 (8.995 )∗∗∗
hourOfDay20 159.127 (8.992 )∗∗∗
hourOfDay21 133.508 (8.982 )∗∗∗
hourOfDay22 91.344 (8.980 )∗∗∗
hourOfDay23 79.226 (8.980 )∗∗∗




Residual Std. Error 375.285 (df = 82879)
F Statistic 242.645∗∗∗ (df = 53; 82879)
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01








Table B.1: Interview results divided into seven categories based on keywords from the participants
House ID Energy-use increase Inhabitants Size Current energy-use Energy-use knowledge Web-based feedback usage
A Mid 4 130m2 No comment No comment Middle
B Mid 3 105m2 Netural Fundamental Active
C High 4 137m2 Neutral Fundamental Active
D Low 3 69m2 Careful None Latent
E Mid 3 80m2 Careful Low Middle
F High 5 139m2 Wasteful Fundamental Latent
G Mid 3 130m2 Neutral Fundamental Middle
I Mid 4 110m2 Careful Expert Active
L Low 2 62m2 Careful Low Active
M Low 2 82m2 Careful Low Active
N Mid 3 85m2 Neutral Low Active
P Low 2 52m2 No comment Low Active
R Mid 2 63m2 Neutral Fundamental Latent
House ID Energy-use saving strategies Dedicated display utility Shift loads in time ability Data privacy concerns
A No potential Neutral Limited Considerable
B Turn off idle Reduces obstacles Limited Some
C Efficient operation Induce conflict Limited Considerable
D No effort Reduces obstacles + Portal to web Limited None
E Turn off idle No comment Limited None
F No effort No comment Automated control Some
G Turn off idle Reduces obstacles Automated control None
I No potential Portal to web Automated control Considerable
L Efficient operation + Turn off idle Alarm function Limited Considerable
M Efficient operation Reduces obstacles Limited No comment
N Efficient operation + Turn off idle Alarm function Automated control Some
P Efficient operation Neutral Limited None
R No effort Neutral Flexible Considerable
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